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Abstract

Balancing sequence length, representational capacity, and long-horizon stability is a central problem
in autoregressive (AR) speech and audio generation. Representations with higher frame rates or
greater capacity can preserve more signal detail, but they also make streaming generation more
vulnerable to distribution drift and AR error accumulation. Conversely, shorter and more com-
pressed representations simplify AR modeling, but their limited bandwidth may discard important
components and constrain the upper bound of reconstruction fidelity and generation quality. We
ask whether a low-frame-rate, high-dimensional, high-bandwidth continuous representation can be
co-designed with a streaming generation framework to support robust high-fidelity reconstruction,
strong single-token predictability, and superior long-horizon stability. We decompose this goal into
two coupled problems: what geometric and statistical properties a high-dimensional representation
space should have, and how an AR continuous-token generator should be structured to resist
error accumulation. Accordingly, we propose Locodec, a locally encoded codec that shapes its
representation space to improve the interpolatability of a lower-dimensional core manifold and
the identifiability of the native high-dimensional coordinates, thereby improving the predictabil-
ity of high-dimensional high-bandwidth tokens. We also propose MP-ELD, a single-token AR
flow-matching framework that uses multi-path information routing and residual classifier-free
guidance to mitigate error accumulation. Experiments with 8-Hz, 768-dimensional tokens show
that our design preserves reconstruction quality, improves single-token predictability, achieves
competitive WER, and maintains stable long-form synthesis, without using external SSL/ASR
models, pretrained text language models, or post-training stages.
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1 Introduction

Audio is one of the most natural interfaces for human–machine interaction, and the ability to perform stable
streaming understanding and generation has become increasingly important for modern audio and multimodal
foundation models [51, 98, 109]. From the input side of such systems, a representation that preserves more
information generally provides a higher ceiling for downstream understanding. If the representation has
already discarded task-relevant cues through aggressive lossy compression, no subsequent model can recover
them reliably. In this sense, rich or near-complete representations allow the model to learn which factors are
useful for a given task, rather than forcing it to operate on a representation that may not contain those factors
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in the first place. From the output side, however, the same preference for high-information representations
creates a different difficulty. A higher-bandwidth or higher-dimensional target space is usually harder to
predict, and prediction errors in an autoregressive (AR) system are fed back as future context. Small local
prediction errors may therefore accumulate over time, leading to drift in loudness, timbre, speaking rate, or
spectral quality, and in severe cases to unstable or collapsed audio outputs. This creates a basic tension:
representations that are desirable for general understanding and high-fidelity reconstruction can be difficult to
use as stable generation targets. Balancing representation capacity, AR stability, and computational efficiency
is therefore a central design problem in streaming audio systems.

As text language models and audio–text datasets continue to improve, transcription, captioning, and other
understanding-oriented capabilities have made steady progress in large audio models [28, 34, 36, 42, 108,
112, 114, 122]. By contrast, stable and efficient high-fidelity streaming generation remains a bottleneck:
it directly determines the perceptual quality of human-facing interaction, and it also affects subsequent
machine-side understanding in closed-loop systems. The problem becomes more pronounced as interactive
scenarios move from second-scale responses to minute- or hour-scale sessions, while practical context length
and computation budgets remain finite. Ideally, one would like to use a representation that is informative
enough to support high-fidelity reconstruction, short enough to reduce the AR horizon, and simple enough to
model without expensive local predictors or post-processing modules. These requirements, however, seem to
form an unfavorable triangle: high information content, low AR error accumulation, and low model complexity
are difficult to satisfy simultaneously.

This paper explores whether this triangle can be relaxed by jointly designing the representation space and the
AR generative model. Motivated by recent progress in raw signal-space prediction [63, 103], representation-
space analysis [117, 124], and AR flow-matching systems [53, 64], we study a low-frame-rate, high-dimensional
continuous-token formulation together with its corresponding AR generation framework. Instead of relying on
externally pretrained self-supervised learning (SSL) or automatic speech recognition (ASR) models to define a
“semantic” space as a supervision signal for shaping the representation space, we train a reconstruction-first
tokenizer whose latent geometry is shaped directly. The resulting tokenizer, Locodec, produces spherical
continuous tokens whose high-dimensional space is organized around a lower-dimensional interpolatable
core manifold, while its native coordinates are encouraged to develop an energy hierarchy that improves
per-token identifiability. This design aims to keep the bandwidth and reconstruction ceiling of a high-capacity
representation, while making single-token prediction substantially easier for the generative model.

To address the remaining long-horizon instability of high-information AR generation, we further examine
how error accumulation arises during guided streaming synthesis. Our empirical observations suggest that a
major source of accumulated drift is instability under classifier-free guidance (CFG), especially when partially
overlapping acoustic cues are carried by different guidance paths and are amplified inconsistently. Rather than
suppressing guidance globally, we aim to reduce such conflicts by encouraging different types of information
to be routed through functionally distinct pathways. We therefore propose MP-ELD, a multi-path encoder–
LM–decoder framework for AR flow matching. Through explicit information routing and training-time path
dropout, MP-ELD encourages different aspects of the audio state to be represented by different conditioning
pathways. This allows guidance to be applied as structured residual corrections, so that different factors,
such as acoustic consistency and external-condition alignment, can be strengthened separately. In practice,
even without pretrained text language models providing a strong semantic inductive bias, this design allows a
generative model trained from scratch to form distinguishable acoustic-state and alignment-related pathways.
This separation makes it possible to control their CFG scales independently, thereby mitigating accumulated
acoustic drift and improving stability in long-form synthesis.

The rest of this paper is organized as follows. Section 2 discusses the main assumptions and design principles
behind our model design, including the roles of bitrate, representation-space geometry, and AR stability.
Section 3 presents the methodology used to shape the tokenizer latent space and to construct the flow-matching
bridge and training objective. Section 4 describes the concrete model architectures of the tokenizer and the
AR generative model. Section 5 reports the experimental results on tokenizer reconstruction quality and
generative model performance on the Seed-TTS-eval dataset. Section 6 concludes the paper.
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2 Main Assumptions and Design Principles

In this section, we revisit several existing design choices for tokenizers and generative models, discuss their
advantages and limitations, and then motivate the principles that guide our overall design.

2.1 Frame rate, bitrate, and reconstruction fidelity

Due to the nature of audio signals, audio processing has long been confronted with the challenge of modeling
extremely long sequences [12, 35, 40, 46, 50, 70, 73, 75, 81, 83, 88, 93, 100, 119]. For a fixed audio duration,
the token sequence length is determined by the token frame rate, which directly controls the temporal span and
granularity covered by each token. Together with the information capacity of each token, it also determines the
amount of information that can be allocated per unit time, i.e., the bandwidth. While tokenizer and generative
model designs have been extensively explored for moderate bitrate configurations [21, 33, 34, 52, 58, 66, 102,
123], a major line of research in recent years has focused on achieving the highest possible reconstruction
fidelity under aggressively reduced frame rate and bitrate settings [37, 44, 54, 55, 84, 105]. Lowering the
frame rate is one of the most direct ways to reduce the complexity of the downstream sequence model, while
lowering the bitrate can further simplify the generative modeling problem and reduce computational cost. For
example, replacing residual vector quantization (RVQ) [121] with single-stage vector quantization (VQ) [101]
removes the need to model a residual hierarchy, thereby reducing both the required computation and the
effective parameter budget.

However, from the perspective of lossless compression, low bitrate and high reconstruction fidelity are
fundamentally difficult, and often impossible, to achieve simultaneously. As a result, existing tokenizers
typically preserve only a subset of the most important signal attributes, such as content, timbre, or pitch,
while (intentionally or unintentionally) discarding other factors that are more difficult to retain faithfully.
Under such a training objective, many low-bitrate tokenizers are often closer to a resynthesis system than to
a strict codec. Consequently, in certain regimes or tasks, such as high-fidelity generation or local editing, the
upper bound of performance may be directly constrained by the tokenizer bitrate and by the corresponding
training paradigm.

Conversely, when one increases bitrate in order to improve the information capacity of discrete tokens, for
instance via deeper RVQ hierarchies or larger finite scalar quantization (FSQ) bitrates [77], the resulting
latent space gradually becomes closer to a continuous one. From the modeling perspective, when a discrete
tokenization scheme such as RVQ uses many residual levels, and the generative model must unroll these levels
hierarchically during prediction, e.g., via delay-pattern modeling [29] or residual-quantization transformers
(RQTransformer) [59], the model complexity increases substantially. Recent work has therefore increasingly
explored continuous representations as a means of enabling higher-bandwidth modeling [25, 39, 68, 76, 86, 111].
On the one hand, under the same model architecture, frame rate, and token dimensionality, one can often
significantly improve reconstruction fidelity simply by removing the quantization step altogether. On the other
hand, from the perspective of iterative prediction, the residual hierarchy in high-bitrate discrete tokenization
is, to some extent, analogous to the iterative denoising or function evaluation process in flow-based continuous
generation. In this sense, once bitrate is increased sufficiently, continuous tokenization becomes a natural
modeling direction.

At the same time, both high-bitrate discrete tokens and continuous tokens have substantially more target-space
degrees of freedom than low-bitrate tokens, which in practice can make AR systems more vulnerable to
accumulated prediction errors and exposure bias [90]. Moreover, when the tokenizer frame rate is high
and the AR sequence is correspondingly long, this accumulation can be further amplified. Therefore, for
high-bandwidth tokenization, reducing the frame rate, or more generally reducing the effective frame rate
seen by the AR model, becomes a necessary means of controlling AR error accumulation.

2.2 Single high-dimensional space versus product-structured space

When discussing low-frame-rate, high-bandwidth continuous tokens, a natural design question arises: should
one directly construct tokens that are natively low in frame rate but higher in dimensionality, so that the AR
model operates directly at the token rate; or should one instead construct tokens that are higher in frame rate
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but lower in dimensionality, and then group nearby tokens so that the AR model effectively operates at the
grouped frame rate?

Suppose that the overall tokenizer compression ratio is fixed across these two choices. Then, from the
perspective of the AR model, the main difference is whether the model sees a single high-dimensional space
or a product-structured space composed of multiple lower-dimensional spaces. In most existing approaches,
the latter is more common: each local group of low-dimensional tokens is treated as a short local sequence,
which is first compressed into a single embedding before entering the language model, and is then decoded
back into the next local token sequence at prediction time [53, 54, 126, 127]. This strategy is related to
what prior work on efficient speech enhancement and separation referred to as a context codec, namely a
local compression/decompression mechanism designed to shorten the effective input length of the sequence
model [71]. By contrast, among systems that attempt to operate at a natively low frame rate, one rarely
observes continuous token configurations that are simultaneously very high-dimensional (e.g., 256 dimensions
or above) and sufficiently high in bandwidth to support high reconstruction fidelity. One possible reason is the
geometric and statistical difficulty of modeling such a high-dimensional space, together with the well-known
“curse of dimensionality” [3]. As a consequence, a grouped low-dimensional product-structured representation
appears, at least superficially, to be a more practical way of constructing high-capacity tokens.

Nevertheless, this observation immediately raises another question. If one must already introduce an additional
encoder to compress a group of low-dimensional tokens into a single representation for the language model, and
then introduce a corresponding decoder to reconstruct the next token group from the language-model output,
why should this compression–decompression process be placed inside the generative model rather than inside
the tokenizer itself? In other words, if the generative model must reshape a high-frame-rate, low-dimensional
token sequence into a low-frame-rate, high-dimensional latent space, and then invert that reshaping during
prediction, does this not suggest that one may instead train a tokenizer that directly produces such a native
low-frame-rate, high-dimensional token space? Ideally, such a tokenizer would preserve sufficient bandwidth to
maintain strong reconstruction fidelity, while eliminating the need for additional local encoding and decoding
modules inside the generative model, especially prediction-time modules such as local DiTs that substantially
increase computational cost and architectural complexity.

From the viewpoint of the generative model input, compressing a group of low-dimensional tokens can
be implemented either inside the tokenizer or inside the generative model, and these two choices are not
fundamentally different. However, from the viewpoint of the generative model output, the difference is
substantial. A local token group, being itself a short sequence, can be processed by a local sequence model
that has sufficient capacity to progressively lift and reshape the local representation, thereby making the
corresponding product-structured representation considerably easier to model. In contrast, a single high-
dimensional token is not itself a sequence and therefore cannot benefit from such sequential lifting; its
representational expansion inside the model is much more limited, since excessively large hidden dimensions
would directly increase model size, training difficulty, and computational cost. Therefore, the key challenge
is not simply to use a high-dimensional space, but to construct such a space so that the generative model
can perform stable and efficient single high-dimensional token prediction, ideally reaching performance
comparable to, or better than, sequential prediction over grouped low-dimensional tokens, at significantly
lower computational cost.

2.3 Disentangled representation space

One of the most common strategies in prior work for reducing generative modeling difficulty, applicable to
both discrete and continuous tokens, is to explicitly construct a coarse-to-fine representation space, most often
in the form of semantic–acoustic disentanglement [10, 14, 24, 37, 67, 80, 104, 115]. In such representations, the
semantic component typically serves as a compact core representation that preserves the main attributes of the
signal, and may come from the hidden space of a pretrained SSL model [9, 20, 27, 49] or an ASR model [18, 87].
The acoustic component then complements this semantic representation by providing additional detail, often
through a residual or hierarchical structure. By feeding the language model with a more clustered, more
constrained, or otherwise lower-freedom semantic representation, AR error accumulation can be effectively
reduced on the input side; and on the output side, the semantic embedding itself can simplify and stabilize the
prediction. Similar trends have also appeared increasingly in image generation, where large-scale pretrained
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SSL embeddings have been used either as alignment supervision during tokenizer training or directly as tokens
themselves, improving the generative performance of continuous, especially high-dimensional continuous,
representations [62, 99, 124].

However, relying on such predefined or externally trained semantic embeddings is not a free lunch. On
the one hand, semantic embeddings derived from models trained for specific domains or attributes, such
as ASR models, inevitably inherit strong biases toward the corresponding target attributes, for example,
word or phoneme structure, or even language-dependent biases. Such biases may reduce the capacity of the
tokenizer to encode other types of information, such as non-semantic or non-vocal content, forcing those
properties to be represented only in the acoustic component. If the generative model then relies heavily
on the semantic component in order to reduce AR error accumulation, other types of information may be
underrepresented in its input, limiting the model’s understanding and generation capabilities. On the other
hand, semantic embeddings derived from SSL models are heavily shaped by the SSL training data, model
scale, and pretraining objective. Different generative tasks, e.g., speech synthesis versus music generation,
may prefer different representation-space properties. If one wishes to build a single task-general representation
space, the cost of training a sufficiently large and sufficiently universal SSL model may even exceed that of
training the generative model itself.

Therefore, from the perspectives of simplicity and generality, we prefer not to rely on explicitly disentangled
semantic–acoustic representations, nor on external large-scale SSL training to shape or constrain the high-
dimensional token space. Instead, we aim to let the tokenizer optimize primarily for high-fidelity reconstruction,
while making its decoder sufficiently robust to cover the types of prediction errors produced by the generative
model, and to use lower-cost mechanisms to induce a high-dimensional space that is itself easier for the
generative model to predict.

2.4 Raw input space modeling and the manifold hypothesis

Another line of work that has recently attracted increasing attention is to perform generative modeling directly
in the high-dimensional raw signal space, without any separately trained tokenizer. Such approaches are
often motivated by the manifold hypothesis, namely the assumption that many real-world high-dimensional
signals in fact lie near a lower-dimensional latent manifold [16, 43]. Under this view, directly modeling such
signals may be easier than modeling an arbitrary high-dimensional vector that does not inherit such structure,
such as a freely learned high-dimensional token. This line of work has shown strong potential in image
generation [48, 63, 118], and has also begun to appear in audio generation [23, 41, 125].

However, unlike direct modeling in image pixel space, direct modeling in waveform space might not necessarily
be a natural choice for audio. In waveform space, an isotropic Gaussian corruption process, when viewed
under an orthonormal time–frequency transform, corresponds to broadly full-band white noise in the frequency
domain. Real-world audio signals, by contrast, tend to exhibit substantially lower natural energy in the
mid- and high-frequency bands. As a consequence, if the generative model fails to remove the injected
noise completely, the residual error in these bands may become perceptually salient under human auditory
perception [79, 128]. This may differ from the image case where human sensitivity and tolerance to such
noises might have a different mechanism [11, 15, 22], and where the masking effects of additive noise might
also be qualitatively different from those in audio [106]. Therefore, the same type of prediction error may
have significantly different perceptual consequences in audio and image generation. In addition, although
pixel-space modeling in image generation has been empirically shown to achieve performance comparable to,
and in some cases better than, latent-space modeling, it may still exhibit artifacts or noise due to the lack of
a noise-robust tokenizer decoder that can refine or compensate for prediction errors. Therefore, what we seek
is a high-dimensional space that still benefits from the manifold hypothesis, but at the same time possesses a
meaningful degree of reconstruction robustness, so that the generative model can learn it more easily due
to the presence of a structured and interpolatable low-dimensional manifold, while also retaining enough
robustness to prevent generative prediction errors from directly becoming perceptually severe distortions.

5



2.5 Representational interpolatability and identifiability

Another attribute that affects whether a representation space can be effectively modeled by a generative model
is its interpolatability [6, 107]. An interpolatable representation space is often associated with a smoother
manifold and better clustering properties, and prior work has observed that such spaces are more likely to lead
to better generation performance [7, 30, 32, 96, 113, 120]. However, directly constructing sufficiently strong
interpolatability over an entire high-dimensional space is mathematically highly impractical. The capacity of
a high-dimensional space grows so rapidly that neither finite training data nor local noise augmentation can
densely cover it in any meaningful sense.

We illustrate this point using a simplified spherical-cap covering problem. We consider a high-dimensional
sphere and spherical tokens lying on it. We consider the noise robustness of a tokenizer by assuming a
“reconstruction-stable basin”, where for each token there exists a spherical cap that allows the tokenizer
decoder to reconstruct a near-identical raw signal from any token within the cap. We thus ask: how
many non-overlapping basins can the sphere SN−1 contain? In an interpolatable space, one would expect
reconstruction-stable basins to be sufficiently connected or overlapping at a moderate basin density, so that
moving between nearby valid regions does not frequently pass through invalid regions on the sphere. On
the other hand, if the number of non-overlapping basins is enormously large and far exceeds the number
of training samples, it means that the space has enough capacity for training samples to occupy mutually
isolated basins without forcing substantial basin overlap. As a result, the valid regions on the sphere only
cover a minor portion of the total capacity, and global interpolatability in this case is nearly impossible.

We formulate this problem via mathematical arguments. Consider the unit sphere

SN−1 = {x ∈ RN : ∥x∥2 = 1}.

For a reference point e1 = (1, 0, . . . , 0), define the spherical cap of geodesic half-angle θ ∈ (0, π/2) as

Cθ =
{
x ∈ SN−1 : arccos(⟨x, e1⟩) ≤ θ

}
.

Let
µN (θ)

denote the normalized surface measure of this cap. Equivalently, if x is uniformly distributed on SN−1, then

µN (θ) = Pr
(
⟨x, e1⟩ ≥ cos θ

)
.

The exact expression is

µN (θ) =

∫ θ

0
sinN−2 ϕdϕ∫ π

0
sinN−2 ϕdϕ

. (1)

Equivalently, the first coordinate of a uniformly sampled point on the sphere has density

pN (u) =
Γ(N/2)√

πΓ((N − 1)/2)
(1− u2)(N−3)/2, u ∈ [−1, 1],

and therefore

µN (θ) =

∫ 1

cos θ

Γ(N/2)√
πΓ((N − 1)/2)

(1− u2)(N−3)/2 du. (2)

Applying a standard endpoint Laplace approximation, for any fixed θ ∈ (0, π/2) we obtain

µN (θ) ∼ (sin θ)N−1

cos θ
√
2πN

, N →∞. (3)

Thus the reciprocal cap measure satisfies

Karea(N, θ) :=
1

µN (θ)
∼ cos θ

√
2πN (sin θ)−(N−1). (4)
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Table 1 Area scale Karea(N, θ) = 1/µN (θ) for spherical caps on SN−1. This quantity is a lower bound on the number
of θ-caps required to cover the sphere, and also indicates the exponential area scale associated with angular regions.
Values are approximate.

N θ = 30◦ θ = 45◦ θ = 60◦

4 ≈ 3.5× 101 ≈ 1.1× 101 ≈ 5.1
8 ≈ 7.9× 102 ≈ 6.0× 101 ≈ 1.2× 101

16 ≈ 2.5× 105 ≈ 1.3× 103 ≈ 4.9× 101

32 ≈ 2.6× 1010 ≈ 4.6× 105 ≈ 6.1× 102

64 ≈ 1.6× 1020 ≈ 4.3× 1010 ≈ 8.6× 104

128 ≈ 4.2× 1039 ≈ 2.6× 1020 ≈ 1.2× 109

256 ≈ 2.0× 1078 ≈ 6.8× 1039 ≈ 1.7× 1017

512 ≈ 3.3× 10155 ≈ 3.3× 1078 ≈ 2.4× 1033

The essential point is that for every fixed θ < 90◦, this quantity grows exponentially in N . Let Ncov(N, θ)
denote the minimum number of spherical caps of radius θ required to cover SN−1. Since each cap occupies
surface fraction µN (θ), one necessarily has

Ncov(N, θ) ≥
1

µN (θ)
= Karea(N, θ). (5)

Therefore, if one wants every point on the high-dimensional sphere to lie within angle θ of some reconstruction-
stable region, the required number of such regions is already at least exponential in N . For non-overlapping
basins, let Npack(N, θ) denote the maximum number of disjoint spherical caps of radius θ. The simple volume
argument gives

Npack(N, θ) ≤
1

µN (θ)
.

Conversely, a standard maximal-packing argument gives an area-scale lower bound. For θ < π/4, choose a
maximal collection of disjoint θ-caps. By maximality, the caps with doubled radius 2θ must cover the sphere.
If the number of selected caps is M , then

M µN (2θ) ≥ 1.

Since Npack(N, θ) is the maximum number of disjoint θ-caps, we obtain

Npack(N, θ) ≥
1

µN (2θ)
. (6)

Thus, even conservative packing lower bounds can be exponential in dimension. For example, the scale
Karea(N, 60

◦) gives a lower-bound scale for the number of disjoint 30◦ basins obtainable by such a maximal-
packing argument.

To make the scale concrete, Table 1 reports Karea(N, θ) = 1/µN (θ) for representative dimensions and angles.
The values should be interpreted as area/coverage scales rather than exact packing numbers. They are
computed from the exact cap-measure expression when numerically convenient and from the asymptotic
expression in Eq. (4) in the large-N regime. Several observations follow. First, even for a relatively large
angular tolerance such as 60◦, the area scale reaches roughly 105 at N = 64 and 1017 at N = 256. For smaller
angular tolerances, the numbers become enormous much earlier. Second, these estimates are already sufficient
to show that direct dense interpolatability in a high-dimensional spherical token space is not a practical goal.
Local noise injection around training samples can improve decoder robustness near the data manifold, but
it cannot make the entire high-dimensional sphere densely connected in any global sense. Therefore, if one
wishes to induce interpolatability, it is far more plausible to construct it on a lower-dimensional manifold
embedded within the high-dimensional space, and then use the geometry of this lower-dimensional manifold
to shape the high-dimensional token space.

At the same time, the dimension of the lower-dimensional manifold should not be too small, as interpolatability
is only a valid objective when the low-dimensional space itself contains sufficient information for coarse
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reconstruction. A representation space can be highly interpolatable simply because it has collapsed most
information: if the decoder cannot reconstruct the signal meaningfully, then moving smoothly in that space is
of little value. More formally, let X denote the data signal and let an encoder–decoder pair with a latent
representation of token dimension d, denoted byMd, induce reconstructions

X̂ = D(E(X)), E(X) ∈Md.

For a reconstruction loss ℓ, define the best achievable distortion at dimension d as

D⋆(d) = inf
E,D

E
[
ℓ(X,D(E(X)))

]
, (7)

under the architectural, smoothness, regularization, and bandwidth constraints of interest. A meaningful
low-dimensional manifold must satisfy

D⋆(d) ≤ εrec
for a reconstruction tolerance εrec relevant to the target task. If d is too small, this condition fails regardless
of how smooth or interpolatable the latent space appears.

The same issue can be expressed in terms of over-clustering. Suppose that the latent space is approximately
spherical with token dimension d. At an angular resolution ρ, the number of disjoint stable regions is
upper-bounded by the cap-area scale

Karea(d, ρ) =
1

µd(ρ)
.

Let Mdata(ε) denote the effective number of perceptually distinguishable signal states at tolerance ε. If

Karea(d, ρ)≪Mdata(ε),

then even this optimistic upper bound is insufficient to assign distinct stable regions to all perceptually
distinguishable signal states, and many distinct signals must therefore be mapped into the same or nearby latent
regions. Under a smooth or noise-robust decoder, nearby latent points tend to decode to nearby reconstructions,
and excessive clustering may further lead to averaged or over-smoothed outputs. Consequently, an excessively
low-dimensional manifold may force unrelated or only weakly related signals to be clustered together, leading
to over-smoothing, loss of diversity, or mode merging. Moreover, if the high-dimensional token space is
explicitly aligned with this low-dimensional manifold, such over-clustering can also bias the information layout
of the high-dimensional space and make the generative model inherit the same smoothing or diversity-loss
tendency. In practice, this suggests choosing a moderate dimension: large enough to support meaningful
reconstruction and sufficient latent capacity, but small enough that the induced geometry remains substantially
more interpolatable than the original high-dimensional token sphere.

Besides interpolatability, identifiability is another factor that may affect modeling difficulty. In many audio
processing systems, time–frequency representations play a central role partly because they introduce an
energy-based inductive bias: perceptually important or structurally dominant components often occupy
higher-energy regions, while finer details occupy lower-energy regions. Under an additive isotropic corruption
model

yi = xi + ϵi, ϵi ∼ N (0, σ2),

a feature coordinate with energy ei = E[x2i ] has an effective coordinate-wise signal-to-noise ratio that scales as

SNRi ∝
ei
σ2
.

Higher-energy components therefore remain identifiable under stronger corruption. Motivated by this
observation, we define identifiability in the present context as an inductive bias that highlights core content
through energy allocation in feature space. If a high-dimensional token space can be shaped so that more
reconstruction-critical information tends to occupy higher-energy components, then the generative model may
more easily infer and preserve the core content of each token even under prediction noise.

In summary, interpolatability and identifiability impose complementary requirements. Interpolatability
suggests that the high-dimensional token space should be constrained by a lower-dimensional manifold, while
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identifiability suggests that the high-dimensional coordinates should develop an energy hierarchy that makes
important information more robust and easier to recover. Together, these two attributes may make the
high-dimensional space easier for a generative model to learn and predict.

2.6 Core objectives of tokenizer design

The discussion above suggests a set of core objectives for the type of low-frame-rate, high-dimensional token
space that we would like to construct:

• it should be constrained by, or organized around, a lower-dimensional manifold embedded within the
high-dimensional space, where this manifold is interpolatable and well-clustered while still having
sufficient dimensionality to support meaningful reconstruction and avoid excessive over-clustering or
smoothing;

• it should have sufficiently strong reconstruction robustness under noise;

• it should not rely on semantic or SSL spaces defined by external models;

• it should have sufficiently strong per-token identifiability.

3 Methodology

In this section, we describe the concrete methods used to design our tokenizer and generative model, following
the assumptions and design principles discussed above.

3.1 Concentration of statistics in high-dimensional spaces

A standard variational autoencoder regularizes its approximate posterior toward a standard Gaussian prior
through the KL term. Let

g ∼ N (0, IN ), g ∈ RN .

Then its squared norm satisfies

∥g∥22 =

N∑
i=1

g2i ∼ χ2
N ,

with
E
[
∥g∥22

]
= N, Var

(
∥g∥22

)
= 2N.

As a consequence,
∥g∥2√
N
→ 1 in probability as N →∞,

which implies that high-dimensional Gaussian vectors concentrate near the sphere of radius
√
N . Therefore,

in sufficiently high dimensions, a standard Gaussian latent can be viewed, to a good approximation, as living
on a thin spherical shell. This naturally motivates learning a spherical token space, i.e., a token space with
approximately fixed norm. From the perspective of prediction, for any target token x ∈ RN and prediction
x̂ ∈ RN , the prediction error can be decomposed in polar form into radial and angular components. If both
the target and the prediction are constrained or normalized to the same sphere, the radial degree of freedom
is removed, and the remaining prediction error is determined by angular discrepancy. This is attractive for
two reasons. First, the tokenizer decoder only needs to learn robustness with respect to angular perturbations.
Second, the generative model can in principle remove one source of exposure bias by predicting within a
fixed-norm space, rather than having to model both the norm and the direction of the token.

For these reasons, in the remainder of this paper we assume a high-dimensional spherical token space as the
default setting.
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3.2 Shaping decoder noise robustness

Prior work on spherical VAEs often adopts the von Mises–Fisher (vMF) distribution as the prior over spherical
latent variables [31]. However, in practice, the KL term and reparameterization for the vMF distribution
are typically more cumbersome to implement, and often require additional approximations or specialized
estimators [56]. Here we instead consider a simpler alternative: rather than imposing an explicit prior through
a KL term, we shape the information bottleneck and decoder robustness by injecting stronger noise directly
into the token space without constraining the token prior distribution.

For a spherical token space, the most natural corruption mechanism is a random rotation on the sphere. Let

x ∈ SN−1(R) = {u ∈ RN : ∥u∥2 = R}

be a clean token. To construct a noisy token on the same sphere, we first sample a random tangent direction.
Concretely, let

ξ ∼ N (0, IN ),

and project it onto the tangent space of the sphere at x:

u = ξ − ⟨ξ, x⟩
∥x∥22

x. (8)

Then
u ∈ TxSN−1(R), ⟨u, x⟩ = 0.

We obtain a unit tangent direction at x by normalizing

ū =
u

∥u∥2
.

We then sample a rotation angle θ ∈ [0, π/2] and define the rotated noisy token through the spherical
exponential map:

xrot = cos θ x+ sin θ Rū. (9)

Since x and ū are orthogonal, it follows directly that

∥xrot∥22 = cos2 θ ∥x∥22 + sin2 θ R2 = R2,

so xrot remains exactly on the same sphere. Moreover, the geodesic angle between x and xrot is precisely θ.

In practice, we sample a scalar
s ∼ Beta(1, 2)

and set
θ =

π

2
s.

This produces a distribution over rotation angles that is biased toward smaller perturbations while still allowing
large-angle corruption up to 90◦, which corresponds to orthogonal tokens on the sphere. The motivation
is twofold. First, a stronger mass near small angles makes the decoder spend more capacity on the local
robustness regime that is most relevant to the prediction errors encountered during generation. Second,
allowing occasional large-angle perturbations still provides a meaningful information bottleneck and prevents
the decoder from overfitting to an excessively narrow neighborhood around the clean token. Under this
corruption scheme, the tokenizer decoder is trained to reconstruct from randomly rotated noisy tokens. As a
result, the decoder is explicitly encouraged to learn angular robustness on the spherical token space, without
the need for an explicit spherical prior. In this sense, noise injection here serves both as a training-time
robustness mechanism and as an implicit bottleneck that shapes the geometry of the learned token space.
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3.3 Shaping per-token identifiability

As discussed above, the core idea behind identifiability is to emphasize more important content through
higher-energy components. Here we aim to induce such a structure in the high-dimensional token space by
explicitly introducing an availability bias over token dimensions and combining it with sufficiently strong
spherical corruption. The resulting training dynamics encourage more frequently available dimensions to carry
larger energy, thereby increasing their effective signal-to-noise ratio under corruption and making the token
more identifiable.

Concretely, inspired by residual dropout strategies commonly used in RVQ-based systems [58], we introduce a
postfix dimension dropout mechanism over the token dimensions. Let

x = (x1, . . . , xN ) ∈ SN−1(R) ⊂ RN

be the rotated noisy spherical token. For each token independently, with probability p we keep all dimensions
unchanged. Otherwise, we sample an integer

K ∼ Unif{1, 2, . . . , N − 1},

and keep only the prefix dimensions 1, . . . ,K, while dropping the postfix dimensions K+1, . . . , N . Equivalently,
if we define a random effective prefix length

Keff =

{
N, with probability p,
K, with probability 1− p,

then the dropout mask m ∈ {0, 1}N is

mi = 1[i ≤ Keff ], i = 1, . . . , N,

and the corrupted token is
xdrop = x⊙m, (10)

where ⊙ denotes elementwise multiplication.

Under this sampling rule, when p < 1, lower-indexed dimensions have strictly higher probabilities of being
retained. For any i ∈ {1, . . . , N}, we have

Pr(mi = 1) = p+ (1− p) Pr(K ≥ i) = p+ (1− p)N − i
N − 1

, (11)

where the last expression also gives Pr(m1 = 1) = 1 and Pr(mN = 1) = p. Therefore, this operation induces a
clear prefix-to-postfix availability ordering over all dimensions. Note that the resulting token no longer lies on
the high-dimensional sphere as we do not renormalize it before sending it to the decoder. We set p = 0.5 by
default.

The training-dynamics intuition is straightforward. Because prefix dimensions are more likely to be preserved,
the model is repeatedly required to reconstruct the signal from partially observed and corrupted tokens in
which only a prefix, sometimes a short one, remains available. At the same time, the clean token has a fixed
total energy budget due to the spherical token geometry. Under this budget, if the model is to maximize
reconstruction robustness under such corruption, one natural optimization direction is to allocate larger energy
to the more frequently available dimensions. In other words, the availability bias is transformed through
training into an energy bias:

higher availability =⇒ higher learned energy =⇒ higher corruption-time identifiability.
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3.4 Shaping a low-dimensional manifold

We would like to construct, at low cost, a low-dimensional manifold embedded in the high-dimensional token
space that is both well-clustered and strongly interpolatable. Since the high-dimensional token lies on a sphere,
a natural design is to introduce a low-dimensional spherical space and to align the two spaces using orthogonal
projection and lifting operations. As discussed above, due to the spherical-cap covering behavior, different
tokens overlap much more strongly under large rotational corruption in lower dimensions than in higher
dimensions. Therefore, if we impose strong perturbations on the low-dimensional sphere, it naturally creates a
much stronger information bottleneck, which in turn encourages stronger cross-token interpolatability through
larger overlap regions. This is also reminiscent of the feature disentanglement and clustering effects induced
by stronger bottlenecks such as those used in β-VAE [47].

To preserve geometric structure as much as possible, we use a learnable row-orthogonal linear projection to
map the clean high-dimensional spherical token into a lower-dimensional spherical space. Let

x ∈ SDtok−1(RH)

be a native high-dimensional token, and let dcore ≪ Dtok denote the dimension of the core manifold. We use
a learnable row-orthogonal projection matrix

W↓ ∈ Rdcore×Dtok , W↓W
⊤
↓ = Idcore ,

to map the high-dimensional token into the low-dimensional spherical space. In implementation, we maintain
an unconstrained matrix

A↓ ∈ RDtok×dcore ,

compute its thin QR decomposition

A↓ = Q↓R↓, Q⊤
↓ Q↓ = Idcore

,

and set
W↓ = Q⊤

↓ .

We define the low-dimensional token as

z = RL
W↓x

∥W↓x∥2
, z ∈ Sdcore−1(RL). (12)

The lifting map is defined by the same QR-based orthogonalization-and-renormalization template, but in the
reverse direction. Specifically, we maintain an unconstrained matrix

A↑ ∈ RDtok×dcore ,

compute its thin QR decomposition

A↑ = Q↑R↑, Q⊤
↑ Q↑ = Idcore ,

and set
W↑ = Q↑.

The lifted high-dimensional token is then defined as

xlift = RH
W↑z

∥W↑z∥2
, xlift ∈ SDtok−1(RH). (13)

Since W↑ is column-orthogonal, ∥W↑z∥2 = ∥z∥2 = RL in exact arithmetic, so the above is equivalently

xlift =
RH

RL
W↑z.
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We keep the explicit renormalization in Eq. (13) for numerical consistency.

The motivation for using orthogonal mappings is geometric. The row-orthogonal projectionW↓ has orthonormal
rows and therefore acts as a partial isometry on its retained subspace; in particular, it does not introduce
anisotropic scaling among the retained directions. The subsequent normalization maps the projected vector
back onto the low-dimensional sphere. For the lifting step, the mapping is strictly angle-preserving on the
low-dimensional sphere: for any two low-dimensional tokens z1, z2 ∈ Sd−1(RL),

⟨W↑z1,W↑z2⟩
∥W↑z1∥2 ∥W↑z2∥2

=
⟨z1, z2⟩
∥z1∥2 ∥z2∥2

. (14)

Hence the angular similarity between low-dimensional tokens is preserved exactly after lifting.

To align the two spherical spaces, we employ a bidirectional commitment loss in the spirit of VQ-based discrete
tokenizers. Let x denote the clean native high-dimensional token and xlift the lifted low-dimensional token.
We penalize their angular discrepancy in both directions using cosine similarity. Denoting stop-gradient by
sg[·], we use the following bidirectional cosine commitment loss:

Lcommit =
(
1− cos(x, sg[xlift])

)
+
(
1− cos(sg[x], xlift)

)
. (15)

This encourages the low-dimensional token to remain geometrically aligned with the high-dimensional token,
while also encouraging the lifted low-dimensional representation to occupy a direction close to the original
high-dimensional token.

We apply the strong information bottleneck and corruption to the low-dimensional sphere by constructing a
noisy low-dimensional reconstruction path. That is, we apply the same spherical corruption process to the
low-dimensional token z, lift the noisy low-dimensional token back to the high-dimensional sphere, and require
the decoder to reconstruct the signal from this lifted noisy low-dimensional representation as well. If zrot
denotes the spherically corrupted low-dimensional token and xlow denotes its lifted high-dimensional version,
then the decoder is trained on both reconstruction paths:

corrupted native high-dimensional token → decoder → signal,

and
lifted corrupted low-dimensional token → decoder → signal.

As a result, the low-dimensional space is not merely an auxiliary projection of the high-dimensional token, but
is explicitly required to support signal reconstruction under corruption, thereby encouraging it to encode the
most reconstruction-critical information. Combined with the bidirectional commitment loss, this dual-path
noisy reconstruction objective shapes a low-dimensional manifold with a strong information bottleneck and
encourages the high-dimensional token space to be organized around the lifted low-dimensional geometry
induced by the orthogonal mapping pair.

3.5 Bridge construction and training target in the generative model

For spherical tokens, the most natural evolution path is the geodesic path on the sphere, and the corresponding
bridge construction is spherical flow matching (SFM), i.e., the spherical special case of Riemannian flow
matching [19]. Several recent works have explored the use of SFM for improving generative modeling on
spherical token spaces [60, 78]. We therefore use SFM as the default bridge and discuss several properties
that motivate this choice.

Connection to VP-path flow. In high dimensions, SFM is closely related to the standard trigonometric
interpolant bridge used in variance-preserving (VP) paths [1, 2, 94]. Let x1 ∈ SDtok−1(R) denote a data token
sampled from the tokenizer distribution. For the source endpoint, we sample an isotropic Gaussian vector
g ∼ N (0, IDtok

) and project it onto the same sphere:

x0 = R
g

∥g∥2
, x0 ∈ SDtok−1(R). (16)
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The VP-style trigonometric interpolation between the source sample x0 and the target data token x1 is

xVP
t = cos

(
πt

2

)
x0 + sin

(
πt

2

)
x1, t ∈ [0, 1]. (17)

Its squared norm is

∥xVP
t ∥22 = R2 cos2

(
πt

2

)
+R2 sin2

(
πt

2

)
+ 2 cos

(
πt

2

)
sin

(
πt

2

)
⟨x0, x1⟩. (18)

Equivalently,

∥xVP
t ∥22 = R2 + 2 cos

(
πt

2

)
sin

(
πt

2

)
⟨x0, x1⟩.

Conditioned on any fixed data token x1, the source direction x0/R is uniformly distributed on the unit sphere.
Therefore,

E
[
⟨x0, x1⟩
R2

∣∣∣∣x1] = 0,
⟨x0, x1⟩
R2

= Op

(
D

−1/2
tok

)
.

Hence, in high dimensions,
⟨x0, x1⟩
R2

≈ 0.

It follows that
∥xVP

t ∥22 ≈ R2,

which shows that the VP trigonometric path is approximately norm-preserving. Under the same high-
dimensional near-orthogonality condition, the geodesic angle

Ω = arccos

(
⟨x0, x1⟩
R2

)
concentrates near π/2, and the SFM geodesic interpolation

xSFMt =
sin((1− t)Ω)

sinΩ
x0 +

sin(tΩ)

sinΩ
x1 (19)

reduces approximately to

xSFMt ≈ cos

(
πt

2

)
x0 + sin

(
πt

2

)
x1. (20)

Therefore, in the high-dimensional near-orthogonal regime, SFM is nearly equivalent to the VP-style trigono-
metric interpolant on the same radius-R sphere.

Norm stability of xt. A further property of SFM is that the norm of xt remains constant along the bridge.
By contrast, under a linear interpolation bridge xt = (1 − t)x0 + tx1, the norm of xt varies with t. In the
high-dimensional near-orthogonal case, for example, we have ∥xt∥22 ≈ R2

(
(1 − t)2 + t2

)
, which is strongly

coupled with the bridge time. Since the model typically receives an explicit time embedding, such a bridge
introduces an additional and unnecessary coupling between time and radial scale. At inference time, once
the generated trajectory deviates from the ideal bridge, the radial scale of the current state may become
inconsistent with the explicit time embedding, increasing the risk of exposure bias.

Equivalence of x-pred and v-pred. As discussed above, in raw signal-space generative modeling, the manifold
hypothesis often motivates direct target prediction, which can be more effective than predicting noise or
velocity in certain regimes. It is useful to first contrast the role of endpoint prediction in Euclidean rectified
flow and in spherical flow matching. For the standard Euclidean rectified-flow bridge

xt = (1− t)x0 + tx1, t ∈ [0, 1],
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the oracle velocity is vt = x1 − x0, which lives in the full ambient Euclidean space and is unconstrained.
Therefore, a direct v-pred parameterization requires the model output head to predict a vector containing the
high-entropy source term x0. By contrast, an x-pred parameterization lets the model predict x̂1 and converts
it into a velocity by

v̂RF
t =

x̂1 − xt
1− t

. (21)

Algebraically, x-pred and v-pred can be converted into each other in the Euclidean bridge. However, as
discussed in recent works [63], they are not equivalent as output-layer parameterizations: x-pred asks the
model to predict the data endpoint, which may benefit from the manifold structure of the data distribution,
whereas v-pred directly asks the model to predict the unconstrained displacement x1 − x0.

For spherical flow matching, the situation is different. A valid velocity at the bridge state xt ∈ SDtok−1(R)
must lie in the tangent space

Txt
SDtok−1(R) =

{
u ∈ RDtok : ⟨u, xt⟩ = 0

}
.

Thus, unlike Euclidean rectified flow, the velocity is not an unconstrained ambient vector, and any direct
velocity parameterization must either explicitly predict a tangent vector or project an ambient prediction
onto the tangent space. For any y ∈ SDtok−1(R), define the geodesic angle between xt and y as

αt(y) = arccos

(
⟨xt, y⟩
R2

)
.

The tangent projection of y at xt is

Π⊥
xt
(y) = y − ⟨y, xt⟩

R2
xt = y − cos

(
αt(y)

)
xt. (22)

The Riemannian logarithm map from xt to y is

logxt
(y) =

αt(y)

sinαt(y)
Π⊥

xt
(y), logxt

(y) ∈ Txt
SDtok−1(R), (23)

with
∥ logxt

(y)∥2 = Rαt(y).

Therefore, if the model predicts a spherical endpoint x̂1, the corresponding valid SFM velocity over the
remaining interval [t, 1] is

v̂fullt =
1

1− t
logxt

(x̂1). (24)

The oracle SFM velocity is obtained by setting y = x1. Let

Ω = arccos

(
⟨x0, x1⟩
R2

)
,

and let the SFM bridge be

xt =
sin((1− t)Ω)

sinΩ
x0 +

sin(tΩ)

sinΩ
x1. (25)

Then the oracle tangent velocity is

vt = ẋt =
Ω

sinΩ
(− cos((1− t)Ω)x0 + cos(tΩ)x1) , (26)

or equivalently

vt =
1

1− t
logxt

(x1).

Thus, for SFM, estimating a geometrically valid velocity is essentially equivalent to estimating a spherical
endpoint together with its induced tangent direction and scale. In this sense, the distinction between x-pred
and v-pred is weaker than in Euclidean rectified flow: the tangent-space constraint naturally turns a valid
velocity parameterization into an endpoint-induced parameterization.
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Under-stepping and direction-only modeling. A conventional velocity objective would minimize the full
velocity MSE,

Lv = ∥v̂t − vt∥22 . (27)

However, in the present high-dimensional spherical setting, full velocity MSE introduces a potential under-stepping
effect. To see this, suppose the oracle velocity can be written as

vt = stdt, st = ∥vt∥2, ∥dt∥2 = 1,

and suppose the model predicts a tangent velocity but with a direction error. Write its prediction as

v̂t = atd̂t, ∥d̂t∥2 = 1,

where at ≥ 0 is the predicted speed. Let ψt denote the angle between the predicted and oracle directions:

cosψt = ⟨d̂t, dt⟩.

For a fixed predicted direction d̂t, the velocity MSE as a function of the predicted magnitude at is∥∥∥atd̂t − stdt∥∥∥2
2
= a2t − 2atst⟨d̂t, dt⟩+ s2t

= a2t − 2atst cosψt + s2t . (28)

Minimizing this quadratic over at gives
a⋆t = st cosψt, (29)

Therefore, unless the predicted direction is perfectly aligned with the oracle direction, the nonnegative
MSE-optimal velocity magnitude is smaller than the oracle magnitude. In other words, full velocity MSE
allows the model to explain directional uncertainty by reducing the step size.

For the SFM geodesic, the oracle speed is constant along the bridge and satisfies exactly

∥vt∥2 = RΩ. (30)

In high dimensions, when x0/R and x1/R are weakly correlated random unit directions, their normalized
inner product concentrates near zero, and hence

Ω ≈ π

2
.

Thus the oracle velocity norm concentrates near

∥vt∥2 ≈
π

2
R. (31)

Under full velocity MSE, however, if the model has high uncertainty in endpoint or direction estimation, Eq. (29)
encourages a smaller predicted speed. During inference, this can lead to a trajectory whose accumulated
path length is systematically shorter than the typical SFM geodesic length. In the high-dimensional regime,
where the target endpoint is typically close to 90◦ away from the source endpoint, such under-stepping creates
the risk that the generated endpoint remains at an angle substantially smaller than 90◦ from the source
sample. To avoid this failure mode, we use a direction-only parameterization: the model still predicts a
spherical endpoint x̂1, but this endpoint is used only to define the tangent direction at the current bridge
state. Specifically, we define the predicted and oracle unit tangent directions as

d̂t =
logxt

(x̂1)

∥ logxt
(x̂1)∥2

, dt =
vt
∥vt∥2

=
logxt

(x1)

∥ logxt
(x1)∥2

. (32)

We then supervise only the tangent direction using the cosine direction loss

Ldir = 1− ⟨d̂t, dt⟩. (33)
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Figure 1 Illustration of the Locodec tokenizer architecture, consisting of MDCT coefficient extraction, a fully local
encoder, a token-grid refiner, a coefficient-grid predictor, and an inverse-MDCT stage for waveform reconstruction.

At inference time, before any additional guidance combination, we fix the predicted velocity magnitude to its
high-dimensional SFM limit:

v̂t =
πR

2
d̂t. (34)

In this way, the model-predicted endpoint serves as a direction parameterization rather than as an exact
endpoint estimate or a full velocity estimate. This removes the need for the model to predict the velocity
norm, avoids MSE-induced under-stepping, and keeps the generated trajectory length compatible with the
typical high-dimensional SFM geometry.

4 Model Architecture Design

In this section, we provide concrete architecture instantiations of a minimalist tokenizer model and a minimalist
AR flow-matching model. For the tokenizer, we intentionally restrict ourselves to simple and standard building
blocks, in order to show that once the token space is shaped appropriately, neither the overall model structure
nor its basic units need to be overly complicated to achieve a good balance between fidelity and predictability.
For the AR flow-matching model, we adopt a modular design that is tailored to the error-accumulation and
exposure-bias issues that arise easily in AR flow systems. Through explicit functional disentanglement, the
system can, via training dynamics, automatically optimize different information extraction paths, while at
inference time appropriate multi-path CFG can be used to selectively enhance different functional components,
thereby mitigating sequential error accumulation during AR generation.

4.1 Locodec: a minimalist, locally encoded tokenizer architecture

We propose Locodec, a locally encoded codec. Our goal here is deliberately minimalist: the architecture is
built from simple, standard components, so that the emphasis remains on token-space shaping rather than on
architectural complexity. Moreover, although the experiments in this paper mainly focus on single-channel
TTS, the tokenizer design and training losses described here are formulated to support both monaural and
stereo audio in a unified manner. Figure 1 shows the Locodec pipeline.

Mid/side input formulation and MDCT front-end. We adopt a mid/side formulation at the waveform level.
For the left and right channels xL and xR, we define

xmid =
xL + xR

2
, xside =

xL − xR
2

. (35)
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For monaural input, we simply set xL = xR so that xside = 0. This allows monaural and stereo samples to be
mixed naturally during training while sharing the same tokenizer architecture and loss functions.

Motivated by conventional audio codecs [8, 13, 91], we apply an MDCT transform to obtain real-valued
time–frequency representations, i.e., MDCT coefficients, for both the mid and side waveforms. For an MDCT
window size of k, the corresponding hop size is k/2, which determines the native coefficient-frame rate seen by
the tokenizer encoder. We further apply a simple signed dynamic-range compression to both the mid and side
coefficient sequences before feeding them into the encoder:

c ← sign(c) |c|1/3. (36)

This transformation preserves coefficient sign while compressing amplitude range, reducing the tendency of the
model to over-emphasize large low-frequency coefficients and underfit smaller but still perceptually important
higher-frequency components. The compressed mid and side coefficient sequences are then concatenated along
the feature dimension and used as the input to the tokenizer encoder.

Fully local encoder. On top of this MDCT coefficient sequence, we use a fully local encoder to map the
coefficients to a hidden space. The encoder first applies a stack of frame-level local feed-forward networks
(FFNs) at the native MDCT frame rate, and then uses a single-step linear downsampling layer that groups
s neighboring frame-level embeddings, concatenates them along the feature dimension, and projects the
concatenated vector directly into the target token dimension. More precisely, if the frame-level embedding
dimension is Denc and the temporal downsampling factor is s, then the downsampling layer is implemented as
a linear map

RDenc·s → RDtok .

The token sequence is strictly local in the sense that each token is formed only from its corresponding local
coefficient frames, without cross-token information exchange. We intentionally keep the encoder fully local
to make the tokenization closer in spirit to raw input-space modeling with non-overlapping chunking or
patchification: each token corresponds to a local region of the input signal, and the corresponding manifold
assumption is imposed at the level of local signal chunks. Moreover, this locality also reduces the risk of
reconstruction conflicts during generation. If the encoder introduces strong cross-token interactions, then the
information required to reconstruct a given signal segment may be distributed across multiple neighboring
tokens. While the tokenizer decoder can exploit such distributed information during reconstruction training,
an AR generative model predicts these tokens separately at inference time, and the prediction errors or
inconsistencies among neighboring tokens may then provide conflicting evidence about the same underlying
signal segment, making reconstruction less stable. We therefore isolate the information scope of each token at
the encoder level, so that each token primarily models its own local signal region.

Each token is then normalized onto the high-dimensional sphere. As described in the previous section, all
token-space shaping mechanisms, including spherical corruption, postfix dimension dropout, low-dimensional
projection and lifting, and dual-path noisy reconstruction, are applied on top of this token sequence.

Stacked causal convolutional decoder. The decoder starts from either a noisy high-dimensional token sequence
or a lifted noisy low-dimensional token sequence. It first applies a token-grid refinement module implemented
as stacked causal ConvNeXt1D blocks [69]. This stage operates directly on the low-frame-rate token sequence
and is responsible for reconciling the corrupted token representation before coefficient-frame reconstruction.
The refined token sequence is then mapped back to the native MDCT coefficient-frame rate through a
single-step linear upsampling layer, which serves as the decoder-side counterpart of the single-step linear
downsampling layer. Another stack of causal ConvNeXt1D blocks then performs coefficient-grid prediction at
the native MDCT frame rate to recover frame-level detail. The mid/side hidden representations are then
decoded via a channel-separation layer: let h ∈ RTcoef×D denote the refined hidden sequence produced by the
coefficient-grid ConvNeXt1D predictor, where Tcoef is the native MDCT coefficient-frame length and D is the
hidden dimension. We pass h through two separate FFNs to obtain a mid-channel hidden sequence and a
side-channel hidden sequence:

hmid = FFNmid(h), hside = FFNside(h). (37)
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These two hidden sequences are then mapped to coefficient predictions using a shared gated output layer: let
Ocoef : RD → R2F denote the shared coefficient output layer, where F is the number of MDCT frequency
bins per frame. Applying Ocoef to either hmid or hside produces two tensors, corresponding to an amplitude
branch and a signed-gate branch. Writing

(h(b)amp, h
(b)
sgn) = Ocoef(hb), b ∈ {mid, side}, (38)

the predicted MDCT coefficients for branch b are parameterized as

ĉb = exp
(
h(b)amp

)
· tanh

(
h(b)sgn

)
, b ∈ {mid, side}. (39)

Here exp(h
(b)
amp) controls a nonnegative amplitude scale, while tanh(h

(b)
sgn) acts as a bounded signed gate. The

left and right MDCT coefficients are recovered by

ĉL = ĉmid + ĉside, ĉR = ĉmid − ĉside. (40)

Finally, inverse MDCT is applied to ĉL and ĉR to reconstruct the left and right waveforms x̂L and x̂R in the
original time domain.

Training objectives. The training objective consists of three parts: a noisy reconstruction loss, a perceptual
loss, and the high–low-dimensional commitment loss.

The noisy reconstruction loss is applied to both high-dimensional and low-dimensional reconstruction paths.
Following prior works [58, 72], we compute STFT magnitudes at window sizes

WSTFT = {25, 26, . . . , 212}.

For each w ∈ WSTFT, define
Aw(y) = |STFTw(y)| .

Here and below, y denotes a waveform and ŷ denotes its reconstruction. The normalized magnitude loss is
defined channel-wise. For the left, right, and mid channels, we use the target magnitude of the same channel
as the normalization factor:

rbw(y) = mean(Aw(yb)) , b ∈ {L,R,mid}. (41)

Here mean(·) averages over the time–frequency bins of a single example. For the side channel, however, we
normalize by the target mid-channel magnitude:

rsidew (y) = mean(Aw(ymid)) . (42)

This avoids an ill-conditioned normalization in the monaural case, where the target side channel is identically
zero. The channel-wise normalized magnitude loss is then

ℓmag,b
w (ŷ, y) = E

[
mean(|Aw(ŷb)−Aw(yb)|)

rbw(y) + ε

]
, b ∈ {L,R,mid, side}, (43)

where E[·] denotes the empirical average over the training batch. The log-magnitude loss is applied only to
the left and right channels:

ℓlmag,b
w (ŷ, y) = E

[
mean

(∣∣log10(Aw(ŷb) + ε
)
− log10

(
Aw(yb) + ε

)∣∣)] , b ∈ {L,R}. (44)

For a reconstructed stereo waveform, we define

ŷmid =
ŷL + ŷR

2
, ŷside =

ŷL − ŷR
2

,
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and analogously for the target waveform y. Let ŷ(H) and ŷ(L) denote the reconstructions from the high-
dimensional and low-dimensional paths, respectively. We define the reconstruction loss for each path as

L(m)
rec =

∑
w∈WSTFT

[ ∑
b∈{L,R}

(
ℓmag,b
w (ŷ(m), y) + λlmagℓ

lmag,b
w (ŷ(m), y)

)

+ ℓmag,mid
w (ŷ(m), y) + ℓmag,side

w (ŷ(m), y)

]
, m ∈ {H,L}. (45)

In the current implementation, we use the same reconstruction-loss form for both paths, while the low-
dimensional path is assigned a smaller weight in the final objective.

The perceptual loss used to train the tokenizer decoder is composed of an adversarial generator loss and a
feature-matching loss. The GAN discriminator operates on multi-resolution uncompressed MDCT coefficients
computed directly from the waveform, and is built from stacked Conv1d blocks [72]. We use MDCT coefficient
matrices computed with four window sizes 256, 512, 1024, 2048, and for each resolution, we instantiate
both a full-band discriminator and a sub-band discriminator. The full-band discriminator takes the entire
coefficient matrix as input, and the sub-band discriminator uniformly partitions the spectrum into sub-bands
of 4-kHz bandwidth. In implementation, the sub-band discriminator is realized with grouped convolutions:
each spectral sub-band is processed by its own convolutional group, while all sub-bands at the same MDCT
resolution are treated as one discriminator module. Therefore, each resolution contributes one full-band
discriminator and one grouped sub-band discriminator, yielding a total of eight discriminator modules across
the four resolutions.

We use the least-squares GAN (LSGAN) objective [74]. Let J denote the set of all discriminators. For each
j ∈ J , let Cj(·) denote the MDCT representation associated with discriminator Dj . The discriminator loss is

L(j)
D = Ey

[
(Dj(Cj(y))− 1)

2
]
+ Eŷ(H)

[
Dj

(
Cj(sg[ŷ

(H)])
)2

]
, (46)

and the adversarial generator loss for the tokenizer is

L(m,j)
adv = Eŷ(m)

[(
Dj(Cj(ŷ

(m)))− 1
)2

]
, m ∈ {H,L}. (47)

Note that the discriminators are trained using only the high-dimensional reconstructions as negative samples.

A feature-matching loss is also computed as a layer-wise normalized MAE between the discriminator hidden
activations of the reconstructed and target waveforms. Let D(ℓ)

j (·) denote the hidden activation of the ℓ-th
layer of discriminator Dj , and let Lj be the number of hidden layers used for feature matching. We define

L(m,j)
FM =

1

Lj

Lj∑
ℓ=1

E

mean
(∣∣∣D(ℓ)

j (Cj(ŷ
(m)))− sg

[
D

(ℓ)
j (Cj(y))

]∣∣∣)
mean

(∣∣∣sg[D(ℓ)
j (Cj(y))

]∣∣∣)+ ϵ

 , m ∈ {H,L}. (48)

The overall perceptual loss used to train the tokenizer is

L(m)
perc =

∑
j∈J

(
L(m,j)
adv + L(m,j)

FM

)
, m ∈ {H,L}, (49)

and the discriminator objective is
LD =

∑
j∈J
L(j)
D . (50)

Putting everything together, the overall tokenizer objective takes the form

Ltok = L(H)
rec + L(H)

perc + λlow

(
L(L)
rec + L(L)

perc

)
+ λcommitLcommit, (51)

where Lcommit is the bidirectional high–low-dimensional commitment loss defined previously. We set λlmag =
0.2, λlow = 0.2, and λcommit = 0.1 by default.

20



4.2 MP-ELD: a multi-path information-routing encoder-LM-decoder architecture

We find that constraining tokens to a high-dimensional sphere or explicitly learning a low-dimensional manifold
does not automatically solve the AR error-accumulation problem. Based on empirical observations, we
hypothesize that one important remaining source of AR error accumulation is information-pathway conflict
under CFG. Specifically, conditioning signals with partially overlapping functionality may appear in multiple
CFG paths but be combined inconsistently across paths; the resulting conflicts are then fed back through the
AR loop and manifest as gradual drift of the corresponding attributes. In practice, degradation in a TTS
system often emerges as drift in acoustic attributes—e.g., spectral distortion, gradually drifting loudness, or
changes in speaking rate—whereas content consistency is typically much more stable. This asymmetry suggests
that acoustic-state drift, rather than content inconsistency, is the dominant mode of error accumulation. We
attribute it to partially overlapping or redundant acoustic cues across CFG paths that can become mutually
inconsistent under guidance, thereby inducing systematic drift in the AR inference process. Motivated by this
hypothesis, we explicitly decouple information pathways by routing conditioning information into functionally
distinct channels and applying multi-path CFG as a structured residual correction, so that each guidance
component targets a specific role rather than implicitly entangling overlapping information across paths.

The ELD framework. We start from the ELD (Encoder–LM–Decoder) framework, which is a common recipe
for in-context conditional AR generation [53, 54, 61, 89, 116]. Given a user-specified or task-provided control
signal c (e.g., text, labels, or reference inputs), ELD aggregates the control signal c and the native-token
prefix x1:i into a step-wise conditioning signal c′i, and the decoder predicts the next native high-dimensional
token conditioned on c′i:

pθ(xi+1 | x1:i, c) = pθ(xi+1 | c′i), c′i = fθ(x1:i, c). (52)

ELD constructs c′i using an encoder, a sequence modeling module (LM), and a flow-matching decoder. A
token encoder E maps a clean native token to a hidden representation:

hi = E(xi), hi ∈ RDmodel . (53)

This serves as a token adapter that maps the token into a hidden space better aligned with sequential
modeling and conditioning. The control signal c is embedded as a sequence ϕ(c) in the same hidden space
and concatenated with the encoded prefix:

si = [ϕ(c) ; h1:i ], (54)

and an LM then produces step-wise conditioning vectors

c′1:i = LM(si), c′j ∈ RDmodel . (55)

Given c′i and the bridge state at position i+ 1, the decoder predicts a spherical endpoint estimate x̂i+1. This
endpoint estimate is then converted, using the logarithm-map construction described in the previous section,
into a pathwise fixed-norm tangent velocity estimate before CFG. In addition to the step-wise conditioning
vector, the decoder also receives the bridge time τ ∈ [0, 1] and its time embedding.

To mitigate exposure bias, during training the ground-truth prefix tokens are perturbed with small noise
before being fed to the encoder. We denote the resulting noisy teacher-forced native token by

xctxi = Corrupt(xi).

This simulates mild inference-time distribution drift while staying within a locally reconstruction-stable
neighborhood and is a standard technique [17, 82]. At inference time, xctxi denotes the previously generated
native token at step i. Moreover, CFG is applied only at the decoder level, while the encoder and LM are
evaluated once to produce the step-wise conditioning vectors. This is computationally cheaper than settings
in which the LM or backbone must participate in CFG, since guidance does not require multiple forward
passes through the encoder or LM.
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Figure 2 Illustration of the MP-ELD framework. Multiple local encoders map the same input token into distinct
hidden spaces, whose functional roles are shaped by different AR information paths through training dynamics. A
flow-matching decoder predicts pathwise next-token velocity fields conditioned on the corresponding path embeddings,
which are combined by multi-path residual CFG during inference.

However, in practice we find that the ELD framework can become fragile when stronger CFG is applied in
the decoder. Empirically, this failure mode is closely tied to two design ambiguities: (i) what information the
step-wise conditioning signal is expected to preserve and how it should be used or amplified by the decoder,
and (ii) how to define the “conditional” and “unconditional” paths in CFG for the decoder. In particular, a
fully null unconditional path can be problematic in this setting, since it provides no local continuation anchor
and may yield a high-variance early-time velocity estimate, making training statistically difficult. Based on
these observations, we introduce multi-path ELD (MP-ELD), a modification of ELD that makes the roles of
conditioning signals explicit. The core idea is information routing: we construct multiple conditioning paths
that intentionally receive different information, so that each path naturally specializes to a different role.
Figure 2 illustrates the MP-ELD framework.

At AR step i, MP-ELD constructs three step-wise conditioning vectors:

• Local-continuity conditioning clci : a local continuation anchor derived from the current token, mainly
responsible for enforcing short-range continuity.

• Self-consistency conditioning csci : an in-context summary of modality-internal evolution over the prefix,
mainly responsible for long-horizon stability and internal attribute consistency.

• Alignment-consistency conditioning caci : a condition-aware signal mainly responsible for aligning the
generated output with the external control signal.

All three are represented in a shared Dmodel-dimensional conditioning space. For notational clarity, we use
c̄
(·)
i to denote the decoder-side version of each conditioning vector, and write a path configuration as a tuple

only to indicate which components are present.

Information modeling paths. We construct three conditioning sources using three lightweight token encoders
and two LMs:

• A local encoder Elc produces the local-continuity signal from the current token:

clci = Elc(x
ctx
i ) ∈ RDmodel . (56)

This can be viewed as a local-continuation path with minimal self-conditioning.

• A self-consistency encoder Esc and a self-consistency LM LMsc produce the self-consistency signal from
the history tokens:

hsci = Esc(x
ctx
i ), csc1:i = LMsc(h

sc
1:i), csci ∈ RDmodel . (57)

This can be viewed as a global-continuation path with full self-conditioning over the token history.
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• An alignment-consistency encoder Eac and an alignment-consistency LM LMac produce the alignment
signal by integrating the external condition with the history tokens:

haci = Eac(x
ctx
i ), cac1:i = LMac

(
[ϕ(c); hac1:i]

)
, caci ∈ RDmodel . (58)

This can be viewed as a cross-modal, externally conditioned global-continuation path.

These three paths can be intuitively interpreted as follows:

• clci encourages smooth local continuation of short-range acoustic attributes, such as pitch, phase, and
energy, and helps prevent abrupt discontinuities.

• csci captures slowly varying acoustic attributes that should remain stable over an utterance, such as
timbre, overall energy profile, and accent or style.

• caci indicates where the model is in the conditioned content and therefore what should be generated
next, e.g., which part of the text should be spoken at the current step.

We augment the alignment-consistency LM with an additional scalar head for stop detection. Concretely, in
addition to the step-wise alignment vector caci , the alignment-consistency LM outputs a scalar

πi ∈ [0, 1]

representing the probability of continuing generation after step i. During training, we supervise πi with
a binary cross-entropy loss against the ground-truth continuation label derived from the sequence length.
During inference, we terminate decoding when πi < 0.5.

Orthogonal residual conditioning. To encourage a residual, non-overlapping decomposition of conditioning
information, we orthogonalize the three condition vectors via a Gram–Schmidt transform and normalize each
component to a fixed radius. For a target radius r =

√
Dmodel, let

Normr(u) = r
u

∥u∥2 + ϵ
.

At AR step i, we construct the decoder-side conditioning components as

c̄lci = Norm√
Dmodel

(
clci

)
, (59)

c̄sci = Norm√
Dmodel

(
csci −

⟨csci , c̄lci ⟩
∥c̄lci ∥22 + ϵ

c̄lci

)
, (60)

c̄aci = Norm√
Dmodel

(
caci −

⟨caci , c̄lci ⟩
∥c̄lci ∥22 + ϵ

c̄lci −
⟨caci , c̄sci ⟩
∥c̄sci ∥22 + ϵ

c̄sci

)
. (61)

Intuitively, this orthogonalization operation encourages each condition vector to encode residual information
that the preceding condition vectors do not contain. This allows us to define the full-path condition as the
summation of the orthogonalized components instead of the concatenation of the original vectors, which also
controls the overall conditioning dimension and the related model complexity when Dmodel is large.

Multi-path residual CFG. Using the orthogonalized components defined above, we apply CFG dropout only
to the non-local branches, while always keeping the local-continuity anchor c̄lci present. This preserves an
always-available local continuation signal throughout training. For a given path configuration, we form the
additive path condition

c̃i = c̄lci + δsci c̄
sc
i + δaci c̄

ac
i , δsci , δ

ac
i ∈ {0, 1}. (62)

The decoder receives the concatenation of the additive path condition and the bridge-time embedding etime(τ),
denoted by qi(τ). We use three path configurations in this work:

• L: local-continuity only,
c̃Li = c̄lci , qLi (τ) =

[
c̃Li ; etime(τ)

]
;
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• LS: local-continuity and self-consistency,

c̃LS
i = c̄lci + c̄sci , qLS

i (τ) =
[
c̃LS
i ; etime(τ)

]
;

• LSA: local-continuity, self-consistency, and alignment-consistency,

c̃LSA
i = c̄lci + c̄sci + c̄aci , qLSA

i (τ) =
[
c̃LSA
i ; etime(τ)

]
.

During training, we sample the three paths with probabilities

Pr(L) = 0.1, Pr(LS) = 0.1, Pr(LSA) = 0.8.

At inference time, for each conditioning path, we run the decoder with the corresponding concatenated
condition qLi (τ), qLS

i (τ), or qLSA
i (τ), convert its endpoint prediction into a tangent velocity estimate using the

endpoint-to-velocity construction described earlier, and then combine these tangent velocity estimates linearly.
Following the residual decomposition of these three conditioning paths, we perform multi-path residual CFG:

vτ = vLτ + λsc
(
vLS
τ − vLτ

)
+ λac

(
vLSA
τ − vLS

τ

)
, (63)

where vLS
τ − vLτ is the self-consistency residual relative to the local-continuity path, and vLSA

τ − vLS
τ is the

alignment residual relative to the self-consistent path. When λsc = λac = 1, the inference reduces to the
no-guidance case vτ = vLSA

τ , which matches the standard full-condition path.

Although each pathwise velocity is obtained from the endpoint-parameterized direction-only construction
described earlier, we do not re-normalize the CFG-combined velocity vτ back to the fixed magnitude πR/2.
Since all pathwise velocities are tangent vectors at the same bridge state xτ , their linear combination remains
in the same tangent space:

vLτ , v
LS
τ , vLSA

τ ∈ Txτ
SDtok−1(R) =⇒ vτ ∈ Txτ

SDtok−1(R).

Therefore, keeping the CFG-combined magnitude does not violate the spherical geometry. The reason for
not fixing the magnitude after CFG is that a fixed velocity norm also fixes the total path length. If one
re-normalizes the velocity to ∥vτ∥2 = πR/2 for all τ ∈ [0, 1], then the generated trajectory has total length∫ 1

0

∥vτ∥2 dτ =
πR

2
.

This is appropriate when the trajectory is close to the high-dimensional SFM geodesic, whose typical endpoint
distance is approximately πR/2. However, after CFG, the guided vector field may no longer follow the geodesic
direction exactly; the resulting trajectory can be curved. A curved trajectory connecting the same conceptual
endpoints generally requires a different path length, often larger than the geodesic length. Enforcing a fixed
total length in this case can unnecessarily constrain the guided ODE and may prevent the trajectory from
reaching the desired endpoint under the learned vector field. By allowing the CFG residuals to change the
velocity magnitude, guidance can adjust not only the tangent direction but also the effective integration speed.
This gives the guided trajectory additional flexibility while still preserving tangency to the sphere.

Time-dependent CFG guidance. Empirically, we find that extrapolating the self-consistency residual, i.e., using
λsc > 1, is important for improving in-context and in-domain consistency, such as speaker-timbre consistency.
At the same time, it is also the main source of distribution drift and long-horizon error accumulation. By
contrast, extrapolating the alignment residual, i.e., using λac > 1, is important for strengthening conditional
controllability, and we do not observe comparable drift induced by this term. We further hypothesize that the
instability associated with self-consistency extrapolation is mainly caused by an unreliable estimate of vLτ in
the small-τ regime: the L path contains only local continuation information and is therefore substantially
less informative than the LS path for estimating the flow output near the early-time bridge regime. As
a result, the base point vLτ on which the self-consistency extrapolation is applied can be unreliable, and
extrapolation from it may produce off-manifold intermediate states whose errors are then amplified through
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AR iteration. By contrast, since the alignment residual is defined relative to vLS
τ rather than vLτ , extrapolation

along vLSA
τ − vLS

τ is typically stable across the full bridge time range. Motivated by this observation, we use a
time-dependent self-consistency guidance weight λsc(τ) to avoid extrapolating from an unreliable base in the
early-time regime. Concretely, we start from λsc(0) = 1 and gradually increase it to a predefined maximum
value λmax

sc :
λsc(τ) = 1 +

(
λmax
sc − 1

)
s(τ), s(0) = 0, s(1) = 1, (64)

where s(τ) is a non-decreasing schedule, e.g.,

s(τ) = τγ , γ > 0.

By default, we keep λac constant.

Riemannian integration on the sphere. After CFG, the combined velocity remains a tangent vector at the
current bridge state:

vτ ∈ Txτ
SDtok−1(R).

To preserve the spherical constraint during numerical integration, we update the bridge state using the
Riemannian exponential map. For a step size ∆τ , the update is

xτ+∆τ = Expxτ
(∆τ vτ ) , (65)

where, for any tangent vector u ∈ TxSDtok−1(R),

Expx(u) = cos

(
∥u∥2
R

)
x+R sin

(
∥u∥2
R

)
u

∥u∥2
. (66)

Bridge-time sampling. During training, the bridge time is sampled from a simple mixture distribution. With
probability 0.75, we sample

a ∼ N (−1, 1), τ = σ(a) =
1

1 + exp(−a)
,

i.e., τ follows a logit-normal distribution biased toward the early, high-noise part of the bridge. With the
remaining probability 0.25, we sample

τ ∼ Unif(0, 1).

This sampling rule allocates more training probability to small-τ states, where the bridge state is closer to the
noisy source and the denoising problem is more ambiguous, while the uniform component guarantees nonzero
coverage over the entire bridge interval, including the moderate- and large-τ low-noise regimes.

5 Experiments and Results

In this section, we evaluate Locodec and MP-ELD from two complementary perspectives. First, we study
whether the proposed token-space shaping mechanisms preserve reconstruction quality while changing the
geometry and statistics of the latent space. Second, we evaluate whether these shaped representations are
easier to predict, and whether MP-ELD maintains short-form generation quality while improving long-horizon
stability.

5.1 Experimental setup

A central motivation of this work is to examine how much can be gained from representation-space and
generation-framework design under moderate model size and restrained budgets relative to large industrial
systems. We do not attempt to establish a general scaling law or to claim that design choices universally
dominate data scale or model scale. Instead, by using comparatively restrained data and model sizes, and by
avoiding external pretrained components and post-training stages, we aim to make the effects of token-space
shaping and information routing easier to isolate. This setting allows us to test whether strong reconstruction
quality and stable AR generation can be obtained without relying solely on larger datasets, larger models, or
additional pretrained inductive biases.
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Datasets and evaluation. We train Locodec on an internal bilingual speech dataset of second-scale utterances,
and MP-ELD on an internal bilingual dataset consisting of both second-scale and minute-scale utterances,
both from real-world recordings. We evaluate both tokenizer reconstruction and generative synthesis on the
Seed-TTS-eval [4], where the ZH subset contains 2020 utterances from DiDiSpeech 2 [45] and the EN subset
contains 1088 utterances from Common Voice [5]. In addition, we construct a smaller medium-length test set
from real-world recordings (ZH only) for efficient CFG grid search, and a long-form test set from real-world
recordings (ZH only) to analyze long-horizon AR error accumulation under different CFG configurations.

For tokenizer reconstruction, we report fidelity-oriented metrics, including Mel-cepstral distortion (MCD)1 [57],
STOI2 [97], and ViSQOL3 [26]. For both reconstruction and generation, we report task-oriented metrics,
including word error rate (WER) and speaker similarity (SIM). The evaluation models and configurations
for WER and SIM follow DiTAR [53]. On the long-form test set, we additionally split each generated
utterance into non-overlapping 10-second segments and report the segment-level SIM. We also provide spectral
visualizations to illustrate the specific acoustic manifestations of AR error accumulation.

Locodec configurations. For 24-kHz stereo audio, Locodec uses a 512-point MDCT window as the signal
front-end, and we group 11 adjacent MDCT frames and map them into one token. The resulting frame rate is
approximately 8.5 Hz, which we refer to as 8-Hz tokens for simplicity. The native high-dimensional token
dimension is fixed to Dtok = 768. The encoder consists of 6 FFN blocks followed by a single-step linear
downsampling layer. The decoder consists of 6 causal ConvNeXt1D blocks on the token grid and 12 causal
ConvNeXt1D blocks on the MDCT coefficient grid. All ConvNeXt1D blocks use kernel size 7 with causal left
zero padding, and all FFNs in both the encoder and decoder are SwiGLU FFNs [92]. Under this configuration,
the encoder has 59.5M parameters and 5.1G MACs for a one-second input, while the decoder has 180.9M
parameters and 12.3G MACs for a one-second input. For higher sampling rates or non-speech audio such as
stereo music, the MDCT window size, token rate, and model size can be adjusted accordingly. We leave such
extensions outside the scope of this paper.

We evaluate five core-manifold dimensions dcore ∈ {768, 256, 64, 32, 16}, where dcore = 768 is equivalent to
not imposing a lower-dimensional bottleneck. For dcore ∈ {64, 32, 16}, we additionally train variants with
postfix dimension dropout, abbreviated as PDD hereafter. This gives eight Locodec configurations in total.
All tokenizers are trained on 1-second audio clips with a global batch size of 256 seconds for 250k iterations.

MP-ELD configurations. For each Locodec configuration, we train one corresponding MP-ELD model. The
MP-ELD architecture contains three token encoders, each consisting of 3 FFN blocks, corresponding to the
local-continuity, self-consistency, and alignment-consistency paths. The alignment-consistency LM is a 12-layer
RoFormer [95], the self-consistency LM is a 3-layer RoFormer, and the flow-matching decoder is a 3-block
FFN network with adaLN-Zero conditioning [85]. All FFNs are also SwiGLU FFNs. The hidden size of the
encoders and LMs is 1536, the hidden size of the decoder is 2048, and the dimension of time embedding is
256. The full model has 0.74B parameters. The three token encoders together contain 180.6M parameters
and require 1.4G MACs for a one-second (8-token) input. The decoder contains 127.7M parameters and
requires 1.0G MACs for a one-second input. All models are trained with a global token budget of 200k tokens
(including phonemes and audio embeddings) per iteration for 400k iterations. We maintain an exponential
moving average (EMA) version of the model for inference, with the EMA decay set to 0.9995 by default.
Inference uses 20 NFEs with Riemannian exponential-map integration on the token sphere.

Following DiTAR, we use phonemes as the text front-end and adopt the same in-context learning (ICL)
formulation. During training, each training example is serialized as a phoneme sequence followed by its corre-
sponding audio-token sequence, i.e., (phoneme, audio). The flow-matching next-token prediction loss is applied
only to the audio tokens. During inference, the model takes (prompt phoneme, target phoneme, prompt audio)
as input and autoregressively continues from the prompt-audio tokens to generates the target-audio tokens.

In practical systems, pretrained components could be introduced at multiple stages of the MP-ELD pipeline.
1https://github.com/chenqi008/pymcd
2https://github.com/mpariente/pystoi
3https://github.com/google/visqol
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Table 2 Full-dimensional token reconstruction quality of different Locodec configurations on Seed-TTS-eval. Recon-
struction is performed using the native 768-dimensional high-dimensional token.

dcore PDD ZH EN
MCD ↓ STOI ↑ ViSQOL ↑ WER (%) ↓ SIM ↑ MCD ↓ STOI ↑ ViSQOL ↑ WER (%) ↓ SIM ↑

768 × 2.32 0.98 4.65 1.34 0.740 2.56 0.98 4.65 2.18 0.714
256 × 2.38 0.98 4.64 1.32 0.740 2.64 0.98 4.64 2.16 0.713

64 × 2.27 0.98 4.68 1.33 0.740 2.51 0.98 4.68 2.20 0.715
✓ 2.62 0.97 4.61 1.37 0.736 2.85 0.98 4.63 2.26 0.711

32 × 2.22 0.98 4.68 1.32 0.741 2.44 0.98 4.67 2.15 0.716
✓ 2.60 0.97 4.63 1.36 0.737 2.84 0.98 4.63 2.14 0.712

16 × 2.21 0.98 4.68 1.33 0.742 2.42 0.98 4.68 2.13 0.717
✓ 2.51 0.98 4.63 1.34 0.738 2.72 0.98 4.64 2.19 0.713

For example, the alignment-consistency path could use a pretrained text LM or a pretrained cross-modal
alignment model, while the token encoders or condition encoders could be initialized from strong SSL or ASR
models to provide additional semantic or acoustic inductive biases. These extensions are compatible with the
MP-ELD formulation and may further improve performance. In this work, however, we deliberately avoid
using pretrained models in any MP-ELD component and train all encoders, LMs, and decoders from scratch.
This prevents external pretrained representations from dominating the information layout and allows us to
test whether the proposed local-continuity, self-consistency, and alignment-consistency routing behavior can
emerge from the training objective and architecture alone.

5.2 Results on reconstruction

We first evaluate whether the proposed token-space shaping mechanisms affect tokenizer reconstruction
quality. Table 2 reports full-dimensional token reconstruction quality on Seed-TTS-eval, where reconstruction
is performed using the native 768-dimensional high-dimensional token. Under our training configuration,
imposing a low-dimensional core manifold does not degrade full-dimensional token reconstruction quality.
Across dcore ∈ {768, 256, 64, 32, 16} without PDD, all metrics remain nearly unchanged. In fact, the small
variations across core dimensions are comparable to normal training variation, and no consistent loss of
reconstruction fidelity is observed as the core dimension is reduced. This indicates that the low-dimensional
reconstruction path can reshape the geometry of the high-dimensional token space without noticeably reducing
the information preserved by the full native token.

PDD has a slightly different effect. Compared with the corresponding non-PDD configurations, PDD leads
to a mild degradation in MCD, suggesting a small increase in spectral mismatch. However, its effect on the
remaining metrics is minimal: STOI and ViSQOL remain almost unchanged, and the task-oriented WER and
SIM scores show only negligible differences. As all metrics except MCD are computed at 16 kHz, the fact that
PDD mainly affects MCD while leaving STOI, ViSQOL, WER, and SIM essentially unchanged suggests that
the induced coordinate-wise energy hierarchy primarily introduces a mild mismatch in less critical spectral
details, especially in the middle- and high-frequency regions, while preserving the core low- and mid-frequency
information needed for intelligibility, perceptual quality, and speaker identity.

To provide an intuitive view of the energy bias induced by PDD, Figure 3 visualizes the average coordinate-wise
token energy. Without PDD, the native high-dimensional token energy is nearly uniform across dimensions.
With PDD, prefix dimensions acquire substantially larger energy, postfix dimensions acquire substantially
smaller energy, and the logarithm of the per-dimension energy decays approximately linearly with the
dimension index. This indicates that the combination of noise injection and PDD effectively induces a stable
coordinate-wise energy bias through training dynamics, without explicitly prescribing a target energy profile.

We further examine the relationship between the explicitly learned low-dimensional core and the prefix
subspace induced by PDD. This analysis is meaningful only for PDD-enabled tokenizers, because without PDD
the coordinate order is not trained to carry a prefix-to-postfix availability hierarchy. We therefore evaluate the
three PDD-enabled configurations with dcore ∈ {16, 32, 64}. For each configuration, we compare reconstruction
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Figure 3 Coordinate-wise energy profiles of Locodec tokens. When combined with rotation noise injection, PDD
automatically induces a stable prefix-to-postfix energy hierarchy, while models without postfix dropout keep an almost
uniform energy distribution across dimensions.

Table 3 Reconstruction from restricted representations for PDD-enabled Locodec models. “Core” denotes reconstruction
from the lifted low-dimensional token. “Prefix-K” denotes reconstruction after keeping only the first K dimensions of
the native high-dimensional token and zeroing out the remaining dimensions.

dcore Repr. ZH EN
MCD ↓ STOI ↑ ViSQOL ↑ WER (%) ↓ SIM ↑ MCD ↓ STOI ↑ ViSQOL ↑ WER (%) ↓ SIM ↑

16

Core 6.53 0.83 3.15 15.81 0.396 6.63 0.83 3.29 23.00 0.284
Prefix-16 7.93 0.75 2.78 62.90 0.334 8.09 0.76 2.86 72.37 0.164
Prefix-32 6.45 0.84 3.23 18.63 0.411 6.62 0.84 3.36 24.65 0.295
Prefix-64 5.11 0.90 3.71 3.86 0.540 5.35 0.90 3.83 6.46 0.482

Full 2.51 0.98 4.63 1.34 0.738 2.72 0.98 4.64 2.19 0.713

32

Core 5.24 0.89 3.60 4.92 0.484 5.47 0.89 3.74 7.69 0.417
Prefix-16 8.03 0.74 2.72 60.58 0.335 8.17 0.75 2.85 72.11 0.160
Prefix-32 6.35 0.83 3.26 18.30 0.426 6.47 0.84 3.41 24.42 0.304
Prefix-64 5.09 0.89 3.70 4.14 0.540 5.30 0.90 3.82 6.21 0.477

Full 2.60 0.97 4.63 1.36 0.737 2.84 0.98 4.63 2.14 0.712

64

Core 4.50 0.92 3.96 2.47 0.595 4.77 0.92 4.06 3.87 0.553
Prefix-16 7.93 0.74 2.77 61.94 0.344 7.96 0.75 2.91 68.41 0.187
Prefix-32 6.31 0.83 3.27 16.92 0.426 6.44 0.84 3.42 26.25 0.306
Prefix-64 5.00 0.90 3.73 4.10 0.548 5.21 0.90 3.85 5.98 0.483

Full 2.62 0.97 4.61 1.37 0.736 2.85 0.98 4.63 2.26 0.711

from three restricted representations: the lifted low-dimensional core token, the prefix-K subspace of the
native high-dimensional token, and the full native token. For prefix-K reconstruction, we keep only the first
K coordinates of the native token and set all remaining coordinates to zero before feeding the token to the
decoder, without renormalization. This matches the form of the training-time postfix dropout corruption.

The results are reported in Table 3. They show that the prefix subspaces indeed form a functional hierarchy:
within each PDD-enabled tokenizer, reconstruction quality improves consistently from Prefix-16 to Prefix-32
and then to Prefix-64. This confirms that the energy profile induced by PDD is not merely a statistical
artifact, but corresponds to an actual ordering of decodable information, in a manner loosely analogous to
the coarse-to-fine information hierarchy in RVQ. At the same time, the core dimension is not equivalent to
the prefix dimension: for the same nominal dimensionality, Core-d consistently outperforms Prefix-d, even
though the low-dimensional reconstruction path is down-weighted during training. This indicates that the
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Figure 4 Spectral visualization of Locodec reconstructions under angular token corruption and prefix restriction.
Columns correspond to different rotation angles and rows correspond to different retained prefix dimensions.

low-dimensional path maintains an effective shaping pressure on the token space. We also observe that the
reconstruction quality of a fixed prefix length is largely stable across different choices of dcore. For example,
Prefix-64 gives very similar reconstruction metrics for dcore = 16, 32, and 64. This suggests that the native
coordinate hierarchy is mainly determined by the PDD availability bias, whereas the choice of dcore primarily
affects the quality of the explicit core representation. Finally, Prefix-K is not constrained to have a fixed
norm within its active K-dimensional subspace: after masking, its norm varies and its coordinate energies are
highly non-uniform. In this sense, it is geometrically less constrained than the fixed-radius core representation
and in principle has an additional radial degree of freedom. Nevertheless, Prefix-K remains weaker than
Core-K at the same nominal dimension, including at K = 64. A different dropout schedule or substantially
longer training might improve fixed-prefix reconstruction, but we leave this direction outside the scope of
the present study. Taken together, these results suggest that the low-dimensional constraint and PDD play
complementary roles, and that they do not introduce severe conflicts that would compromise full-dimensional
token reconstruction quality.

As discussed in Section 3, PDD is not used as an isolated masking trick: its availability bias is combined with
spherical noise injection, so that dimensions that remain available more frequently are also encouraged to
become more identifiable under angular corruption. To provide an intuitive view of the reconstruction behavior
induced by this joint training scheme, Figure 4 visualizes reconstructions from the PDD-enabled tokenizer
with dcore = 16 under different rotation angles and retained prefix dimensions. We rotate the high-dimensional
token by angles θ ∈ {0◦, 15◦, 30◦, 45◦, 60◦, 75◦}, and decode from prefix dimensions K ∈ {8, 16, 64, 256, 768}.
The visualization shows how reconstruction quality changes as angular corruption becomes stronger and
as fewer prefix dimensions are retained, providing a qualitative view of both decoder robustness and the
PDD-induced information hierarchy. Notably, the full-dimensional token still preserves reasonably good
spectral quality even under large angular perturbations, such as 60◦ in the visualization. This behavior is
encouraged by the training-time spherical corruption, whose maximum rotation angle is 90◦, and suggests
that the decoder learns a relatively large reconstruction-stable basin around each token. However, as discussed
earlier, learning such large basins in an unconstrained high-dimensional space can encourage different tokens to
become widely separated, or even nearly orthogonal, thereby weakening interpolatability. The low-dimensional
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Figure 5 Training curves of the MP-ELD cosine direction loss for different Locodec configurations. The notation
d/PDD denotes the core dimension and whether PDD is used. All MP-ELD models use the same architecture and
training setup. Faster convergence and lower final loss indicate that the corresponding token representation is easier to
predict under the fixed generator configuration.

core constraint is therefore important for preventing robustness from relying purely on high-dimensional
angular separation. We return to this point in the generation results below.

5.3 Results on generation

We next evaluate how different Locodec representations affect AR continuous-token generation. For each of
the eight tokenizer configurations, we train an MP-ELD model with the same architecture, training data,
optimization setup, and training budget. Under this controlled setting, the convergence behavior and absolute
value of the generative-model training loss provide an empirical proxy for token predictability: if the same
generator converges faster and reaches a lower training loss on one token representation than on another, then
the former representation can be regarded as easier to model under the fixed generator configuration.

Figure 5 shows the MP-ELD cosine direction loss curves for the eight Locodec configurations. The first
clear trend is that imposing a low-dimensional core manifold substantially improves predictability. The
no-bottleneck configuration 768/× converges the slowest and reaches the highest final loss. Reducing the core
dimension to 256 already lowers the loss noticeably, and further reducing it to 64, 32, or 16 gives an additional
improvement. However, this improvement is not monotonic without limit. Once the core dimension becomes
sufficiently small, the gain largely saturates: the non-PDD configurations with dcore ∈ {64, 32, 16} converge to
similar losses. This suggests that the low-dimensional constraint helps organize the high-dimensional token
space into a more predictable geometry, but making the core dimension arbitrarily small does not continue to
provide proportional benefits.

The second and more pronounced trend is the effect of PDD. For all core dimensions, PDD-enabled models
converge faster and reach substantially lower losses than their non-PDD counterparts. This indicates that the
coordinate-wise energy bias induced by PDD provides an additional and strong improvement in single-token
predictability beyond the low-dimensional manifold constraint. Among the PDD-enabled configurations,
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Figure 6 WER/SIM trade-off under different CFG configurations on the internal CFG-selection set. Each point
corresponds to one setting from the sweep over (λmax

sc , λac, γ). The scatter shows that alignment-consistency guidance
mainly affects WER, while self-consistency guidance mainly affects SIM, and that the bridge-time schedule controls
the trade-off induced by self-consistency extrapolation. Darker points indicate configurations closer to the preferred
low-WER, high-SIM region.

dcore = 32 achieves the lowest final loss, while dcore = 16 and 64 are slightly worse. Thus, from the perspective
of generator-side predictability, the non-PDD and PDD comparisons together provide empirical support for
our assumption that a moderate low-dimensional core manifold can make a high-dimensional token space
easier to model, and that the additional identifiability induced by PDD can further improve this predictability.

Since the dcore = 32, PDD-enabled tokenizer achieves the lowest training loss among all tested configurations,
we use it as the default representation to study the effect of CFG configurations on the balance between WER
and SIM. We sweep CFG hyperparameters on a smaller internal evaluation set over a predefined grid:

λmax
sc ∈ {1, 1.5, 2, 2.5}, λac ∈ {1, 1.5, 2, 2.5}, γ ∈ {0, 1, 2}.

Here γ = 0 denotes constant self-consistency guidance, i.e., s(τ) ≡ 1, while γ > 0 uses the delayed schedule
s(τ) = τγ . The setting λmax

sc = λac = 1 corresponds to the standard full-condition path vτ = vLSA
τ without

CFG. When λmax
sc = 1, the choice of γ has no effect. This gives a total of 40 configurations.

Figure 6 shows the resulting WER/SIM trade-off. The first clear trend is that the alignment-consistency
guidance scale is the main factor controlling whether the model enters a content-aligned generation regime.
When λmax

sc = 1, increasing λac from 1 to 1.5, 2, and 2.5 moves the model from a high-WER region to a much
lower-WER region, with WER decreasing from above 10% to roughly the 2.6–2.9% range. In this process,
SIM first improves and then degrades, indicating that stronger alignment guidance mainly improves content
following, but excessive alignment extrapolation may start to trade off against acoustic similarity. This
behavior is consistent with the intended role of the alignment-consistency residual vLSA

τ − vLS
τ : it primarily

acts as an external-condition alignment correction rather than a general acoustic-consistency correction.

The effect of self-consistency guidance is different. In the valid low-WER region, increasing λmax
sc tends
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to improve SIM more directly than WER. For example, at comparable alignment strength, increasing the
self-consistency scale from 1.5 to 2 or 2.5 can move SIM from the mid-0.74 range to around 0.76, while WER
changes more mildly and remains within the same general low-WER regime. This supports the interpretation
that the self-consistency residual vLS

τ −vLτ mainly strengthens modality-internal acoustic consistency, including
speaker identity and slowly varying acoustic state.

However, stronger self-consistency guidance does not imply a monotonic SIM improvement. When the
alignment-consistency scale is insufficient, such as λac = 1, increasing λmax

sc does not rescue the high WER.
Moreover, SIM also becomes non-monotonic and can drop substantially under some configurations. This
suggests that if the model is not properly aligned to the external condition, amplifying self-consistency
residuals may instead reinforce an unstable acoustic trajectory. In such cases, accumulated acoustic distortion
can degrade not only intelligibility but also the speaker-similarity metric itself.

The schedule parameter γ further controls how aggressively self-consistency guidance is applied over the
bridge time. For the same (λmax

sc , λac), constant guidance with γ = 0 often gives stronger SIM, but can
also move the point away from the best WER region. For example, under strong guidance scales such as
(λmax

sc , λac) = (2.5, 2.5), using γ = 0 yields very high SIM but a higher WER, while delayed schedules such
as γ = 1 or γ = 2 reduce early-time self-consistency extrapolation and give a more balanced WER/SIM
trade-off. This is consistent with the motivation of the time-dependent guidance schedule: self-consistency
guidance is useful, but applying it too strongly in the early high-noise part of the bridge can make the residual
extrapolation less reliable.

Taken together, the sweep provides empirical evidence that MP-ELD learns a meaningful degree of information
routing from scratch. Nevertheless, changing λac and λmax

sc produces different and interpretable movements
in the WER/SIM plane: the alignment-consistency residual mainly affects content alignment, while the
self-consistency residual mainly affects acoustic and speaker consistency. The grid search also identifies a
set of Pareto-competitive CFG configurations, from which we select the best overall WER/SIM trade-off for
comparison with prior systems.

To better understand what these WER/SIM differences correspond to acoustically, we visualize one rep-
resentative utterance generated with different CFG configurations in Figure 7. All six spectrograms are
generated from the same input sample using the same model and tokenizer described above, differing only
in the CFG configuration. The examples are ordered from top-left to bottom-right by increasing SIM for
this utterance: the first row shows the two configurations with the lowest SIM, the second row shows two
middle-SIM configurations, and the third row shows the two configurations with the highest SIM. Compared
with the WER/SIM scatter plot alone, this visualization gives a more direct view of how different guidance
choices affect the acoustic structure of the generated signal.

We can first observe that severe AR error accumulation clearly affects the metrics: when strong drift or
collapse is visible, at least one of WER and SIM becomes poor. At the same time, the onset time of error
accumulation is not fixed: in the first row, degradation appears very early and dominates most of the generated
waveform, while in other configurations such as the middle-right and bottom-left examples, the generation
is initially reasonable but begins to drift after several seconds. The acoustic manifestation of drift is also
not unique: we observe elongated or locally repeated harmonic structures, gradually increasing noise-like
energy, and frequency bands whose energy slowly increases or decreases over time. Note that other failure
modes, such as gradually increasing speaking rate or global loudness drift, are also observed in practice but
are omitted here for space.

The first row illustrates the importance of sufficient alignment-consistency guidance. Both examples use
λac = 1 and γ = 0, and both show severe error accumulation. The no-extrapolation configuration (1, 1, 0)
already fails to maintain a valid content-aligned trajectory on this sample, leading to WER = 100%. Increasing
self-consistency guidance alone, as in (2.5, 1, 0), does not fix this failure; instead, the generation collapses into
a long, acoustically self-reinforcing trajectory with even lower SIM. This supports the interpretation from the
CFG sweep that the self-consistency residual cannot replace the alignment-consistency residual. Without
sufficient alignment guidance, amplifying self-consistency may reinforce an incorrect acoustic continuation
rather than recover the intended content.
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Figure 7 Spectrograms of the same utterance generated under different CFG configurations. Each title reports
(λmax

sc , λac, γ), WER, and SIM for the generated sample. The six examples are ordered from top-left to bottom-right
by increasing SIM. The visualization shows that different CFG configurations lead to different forms of AR error
accumulation, including early collapse, delayed spectral drift, harmonic repetition, and frequency-band energy drift.

The second row isolates the effect of the time schedule γ. The two configurations have the same guidance
scales, (λmax

sc , λac) = (2.5, 2.5), and differ only in the self-consistency schedule. With constant self-consistency
guidance, γ = 0, the spectrogram starts to show visible drift around 7 seconds: energy around the 4–5
kHz region gradually increases, and neighboring frequency bands also exhibit different degrees of energy
amplification or attenuation. With delayed guidance, γ = 2, the spectrum remains more stable over the
utterance. Interestingly, the γ = 0 configuration has a slightly higher utterance-level SIM despite having
a higher WER and more visible spectral distortion. This indicates that utterance-level SIM alone is not
sufficient to judge the actual acoustic quality or stability of generated speech.

The third row further shows that even similar WER and SIM values do not necessarily imply identical
acoustic behavior. The two configurations obtain almost the same utterance-level metrics, but the bottom-left
example still shows mild frequency-band drift after around 7 seconds, especially near the 3 kHz and 6 kHz
regions, whereas the bottom-right example remains more stable throughout the utterance. This suggests
that automatic metrics such as WER and SIM are useful but incomplete summaries of generation quality, as
they may fail to capture subtle spectral drift or slowly accumulating acoustic artifacts even when the final
utterance-level scores are similar.

To further examine this limitation, we evaluate long-form generation using both global-level and segment-
level metrics on the long-form evaluation set. Based on the CFG sweep above, we select 18 representative
configurations from the core operating region,

λmax
sc ∈ {2, 2.5}, λac ∈ {1.5, 2, 2.5}, γ ∈ {0, 1, 2}.

For each generated utterance, we keep the first 50 seconds, split it into five non-overlapping 10-second segments,
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Figure 8 Long-form segment-level SIM under representative CFG configurations. Each generated utterance is split
into five non-overlapping 10-second segments. Each subplot fixes (λmax

sc , λac) and compares different γ values. Curves
show dataset-level mean segment SIM, and error bars indicate 95% confidence intervals. The legend reports global
WER and global SIM. The annotated values correspond to the configuration with the best overall stability–quality
trade-off in each subplot.

and compute SIM for each segment. Figure 8 reports the dataset-level mean segment SIM together with 95%
confidence intervals. Each subplot fixes (λmax

sc , λac) and compares different γ values. We also report the global
WER and global SIM (gSIM) in the legend. For readability, in each subplot we annotate the segment-wise
mean SIM values of the configuration with the best overall stability–quality trade-off.

The first observation is that constant self-consistency guidance, i.e., γ = 0, is substantially less stable in
long-form generation, especially when λmax

sc is large. For example, with (λmax
sc , λac, γ) = (2.5, 1.5, 0), the

segment SIM drops from 0.742 in the first segment to 0.402 in the last segment, and the global WER increases
to 31.42%. Similar but less extreme degradation is also observed for (2.5, 2, 0) and (2.5, 2.5, 0). In contrast,
delayed schedules with γ > 0 greatly reduce this long-horizon decay. For the same (λmax

sc , λac) = (2.5, 1.5),
changing γ from 0 to 1 improves the last-segment SIM from 0.402 to 0.679, while reducing WER from 31.42%
to 4.97%. This suggests that the bridge-time schedule is a key factor in preventing self-consistency guidance
from becoming a source of accumulated drift. At the same time, while a larger γ typically improves the
long-horizon stability and especially the spectrogram quality, it also delays self-consistency extrapolation more
aggressively and may reduce the overall speaker-similarity level. In four of the six subplots, the best stability–
quality trade-off is obtained with γ = 1, which provides a middle ground: it avoids strong self-consistency
extrapolation in the early high-noise regime while still applying sufficient self-consistency guidance later in
the bridge. This is consistent with the medium-length spectrogram examples above, where delayed guidance
reduces spectral drift without completely suppressing the benefit of self-consistency guidance.

The curves further illustrate the different roles of λmax
sc and λac. Stronger self-consistency guidance can

produce higher similarity near the beginning of an utterance, but it may also increase the risk of later drift.
For example, (2.5, 2, 0) achieves a very high first-segment SIM of 0.758, but its last-segment SIM drops to
0.578. By contrast, a more balanced scheduled configuration such as (2, 2, 1) starts from a slightly lower
first-segment SIM of 0.740, but decays more slowly and remains at 0.672 in the last segment. Thus, the
highest initial similarity is not necessarily a good indicator of long-form stability. This also shows why global
SIM alone can be misleading: two configurations may have very similar utterance-level SIM but very different
temporal behavior. For instance, (2.5, 2.5, 0) and (2.5, 2, 1) have nearly identical global SIM values, 0.735
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Table 4 Generation performance of different Locodec token configurations under three representative CFG settings.
CFG-L denotes the most stable long-form configuration, (λmax

sc , λac, γ) = (2, 2, 1). CFG-M denotes the best overall
configuration selected on the medium-length CFG search set, (λmax

sc , λac, γ) = (2.5, 2.5, 1). CFG-S denotes the
configuration with the highest first-segment (short-horizon) SIM on the long-form set, (λmax

sc , λac, γ) = (2.5, 2, 0).

Token CFG
Seed-TTS-eval Long-form set

ZH EN WER (%) ↓ gSIM ↑ SegSIM
WER (%) ↓ SIM ↑ WER (%) ↓ SIM ↑ Seg1 ↑ Seg2 ↑ Seg3 ↑ Seg4 ↑ Seg5 ↑

768/×
L 1.31 0.683 1.90 0.622 7.82 0.716 0.732 0.694 0.670 0.644 0.639
M 1.12 0.683 1.85 0.624 8.36 0.710 0.731 0.696 0.669 0.628 0.624
S 2.04 0.691 2.15 0.625 25.35 0.687 0.743 0.677 0.623 0.522 0.448

256/×
L 1.11 0.682 1.86 0.614 5.81 0.729 0.737 0.705 0.687 0.675 0.680
M 1.04 0.686 1.88 0.618 4.84 0.725 0.742 0.701 0.687 0.677 0.667
S 1.46 0.692 5.23 0.620 15.94 0.714 0.747 0.696 0.643 0.568 0.512

64/×
L 1.09 0.683 1.94 0.620 4.91 0.717 0.726 0.702 0.688 0.669 0.660
M 1.50 0.686 1.82 0.627 4.69 0.716 0.728 0.697 0.676 0.662 0.666
S 1.56 0.691 2.26 0.625 9.68 0.713 0.738 0.690 0.654 0.611 0.566

32/×
L 1.07 0.675 2.08 0.608 4.64 0.708 0.721 0.683 0.671 0.656 0.642
M 1.12 0.679 2.16 0.615 5.44 0.705 0.723 0.688 0.656 0.630 0.621
S 1.52 0.683 2.47 0.615 20.80 0.674 0.734 0.664 0.583 0.487 0.419

16/×
L 1.25 0.672 1.95 0.603 6.23 0.714 0.726 0.696 0.680 0.648 0.646
M 1.30 0.678 1.93 0.609 9.49 0.702 0.729 0.686 0.658 0.633 0.594
S 2.58 0.677 2.98 0.607 34.77 0.630 0.740 0.661 0.510 0.413 0.273

64/✓
L 1.11 0.680 2.00 0.616 4.96 0.726 0.734 0.705 0.690 0.673 0.668
M 1.12 0.683 1.87 0.620 4.78 0.720 0.729 0.697 0.684 0.667 0.663
S 1.54 0.695 2.05 0.630 9.63 0.748 0.762 0.720 0.683 0.628 0.574

32/✓
L 0.95 0.687 1.87 0.615 4.61 0.731 0.740 0.707 0.694 0.673 0.672
M 0.99 0.691 1.80 0.622 4.79 0.727 0.740 0.712 0.684 0.670 0.659
S 1.24 0.697 2.09 0.628 9.73 0.724 0.758 0.716 0.667 0.627 0.578

16/✓
L 1.66 0.688 1.94 0.619 4.80 0.726 0.732 0.700 0.686 0.674 0.676
M 1.29 0.691 1.75 0.624 4.55 0.718 0.734 0.702 0.684 0.666 0.670
S 1.81 0.698 2.47 0.630 10.18 0.725 0.746 0.708 0.680 0.649 0.601

and 0.736, respectively. However, their last-segment SIM values differ substantially: 0.606 for (2.5, 2.5, 0)
versus 0.671 for (2.5, 2, 1). The former therefore hides a much stronger long-horizon degradation behind a
similar global score. Moreover, although Figure 8 reports only WER and segment-level SIM, our qualitative
inspection shows phenomena consistent with Figure 7: even configurations with similar segment-level SIM can
exhibit noticeably different spectral quality. This further indicates that long-form audio generation should
not be evaluated solely by a small set of automatic metrics, and a more complete evaluation should combine
signal-level analysis, perceptual listening, and task-oriented automatic metrics. Empirically, we find that
configurations with λac ≥ λmax

sc tend to be safer for long-form generation, especially in terms of spectral and
temporal stability, although they often sacrifice some global or segment-level SIM. Conversely, configurations
with λmax

sc > λac can achieve stronger short-range or early-segment speaker similarity, but are more sensitive
to the guidance schedule and more prone to accumulated drift. This suggests that the optimal CFG operating
point may depend on the target generation length: short utterances may prefer stronger self-consistency
guidance, whereas long-form generation may require more conservative or more alignment-dominant guidance.
A natural extension is to use dynamic CFG schedules that vary not only with bridge time τ , but also with
AR generation time. For example, one may gradually adjust the relative strength of self-consistency and
alignment-consistency guidance as generation proceeds. We leave this direction for future work.

The preceding CFG analyses are based on the 32/✓ tokenizer configuration. We now extend the comparison
to the other seven token configurations and examine whether the above observations remain consistent.
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Table 5 Generation results on Seed-TTS-eval. For MP-ELD, we report the result under its best CFG configuration from
Table 4. All benchmark systems are AR models, and we select the version without post-training when applicable. The
“Tok./LM rate” column denotes the native token frame rate and the effective frame rate seen by the LM, respectively.

Model Tok./LM rate (Hz) ZH EN
WER (%) ↓ SIM ↑ WER (%) ↓ SIM ↑

Human — 1.25 0.755 2.14 0.734

CosyVoice 2 [37] 25/25 1.45 0.748 2.57 0.652
CosyVoice 3-1.5B [38] 25/25 1.12 0.781 2.21 0.720
FireRedTTS [44] 25/25 1.51 0.635 3.82 0.460
FireRedTTS-2 [110] 12.5/12.5 1.14 0.736 1.95 0.665
Spark TTS [104] 50/50 1.20 0.672 1.98 0.584
VibeVoice [86] 7.5/7.5 1.16 0.744 3.04 0.689
DiTAR [53] 40/10 1.02 0.753 1.69 0.735
VoxCPM2 [127] 25/6.25 0.97 0.795 1.84 0.753
dots. tts [65] 25/6.25 0.96 0.805 1.34 0.768

MP-ELD, 64/✓ 8/8 1.54 0.695 2.05 0.630
MP-ELD, 32/✓ 8/8 0.95 0.687 1.87 0.615
MP-ELD, 16/✓ 8/8 1.29 0.691 1.75 0.624

Table 4 compares the eight Locodec token configurations under three representative CFG settings: CFG-L is
the relatively most stable long-form configuration, CFG-M is the best overall configuration selected on the
medium-length CFG search set, and CFG-S is the configuration that favors short-horizon SIM.

Several observations follow. First, the high-dimensional configurations without a very low-dimensional core
are still learnable. In particular, the 768/× and 256/× tokenizers already obtain competitive short-form WER
on Seed-TTS-eval, and the 256/× configuration remains reasonably stable on the long-form set under CFG-L
and CFG-M. This suggests that the Locodec design itself, including spherical normalization, strong angular
corruption, and decoder robustness training, already imposes useful structure on the high-dimensional token
space. The low-dimensional core and PDD further improve predictability and stability, but they are not the
only source of learnability.

Second, all token configurations achieve relatively strong WER on Seed-TTS-eval, and this may be partly
explained by the native low frame rate of Locodec. At 8 Hz, each token covers roughly 125 ms of audio, which
is close to the duration scale of phoneme-level content. Thus, it seems that a low-frame-rate token naturally
aggregates information over a content-relevant temporal span even without external SSL or ASR supervisions.
This is consistent with the restricted-reconstruction results in Table 3, where a 64-dimensional core can
already support low WER, while its SIM remains much lower than full-dimensional token reconstruction. This
suggests that the core representation is relatively content-centric and less complete acoustically. From this
perspective, native low frame rate itself may act as a semantic inductive bias, reducing the need for externally
imposed semantic alignment losses.

Third, the short-form and long-form results differ substantially. The effective generated durations on Seed-
TTS-eval are only 5.28± 0.96 s for ZH and 4.18± 1.16 s for EN, whereas the long-form set has an effective
duration of 52.14± 3.04 s. The Seed-TTS-eval results therefore mainly measure short-form quality and do not
fully expose AR error accumulation. As shown in Figure 7, except for the two examples that exhibit severe
error accumulation almost from the beginning, the remaining failure cases can still maintain stable synthesis
for at least the first 6 seconds, corresponding to roughly 50 tokens, before visible drift emerges. This delayed
failure mode is also reflected in Table 4, where many token and CFG configurations obtain similar WER on
Seed-TTS-eval, but their long-form behavior differs sharply. Moreover, there also appears to be a dataset
effect in the absolute SIM values: the first-segment SIM on the long-form set is typically about 0.05 higher
than the ZH SIM on Seed-TTS-eval, and the best SIM observed on the medium-length CFG-selection set in
Figure 6 is nearly 0.07 higher. This may partly reflect a domain mismatch rather than only a duration effect.
Since our training data are dominated by real-world recordings, whereas Seed-TTS-eval is constructed from
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curated benchmark datasets, differences in recording conditions, speaker characteristics, content style, and
reference-audio distribution may therefore affect SIM evaluation. This provides one possible explanation for
why the model appears stronger on internal real-world evaluation sets while showing a larger SIM gap on the
standard benchmark.

Fourth, a moderate core dimension gives the best overall balance. Very small core dimensions provide stronger
constraints and can help WER, but may reduce acoustic capacity; larger core dimensions preserve more
information but are less constrained. Across training loss, short-form generation, and long-form stability,
32/✓ is the most balanced configuration: it achieves the best ZH WER on Seed-TTS-eval, 0.95%, and strong
long-form performance under CFG-L, with WER 4.61%, gSIM 0.731, and a stable segment-SIM curve ending
at 0.672. This agrees with the prediction-loss curves in Figure 5, where 32/✓ also reaches the lowest final
direction loss.

Finally, PDD consistently improves the generation behavior, especially for long-form stability and SIM. Its
effect is most visible under the more aggressive CFG-S setting. For example, changing 32/× to 32/✓ reduces
long-form WER from 20.80% to 9.73%, increases gSIM from 0.674 to 0.724, and improves the fifth-segment
SIM from 0.419 to 0.578. Similarly, changing 16/× to 16/✓ under CFG-S improves the fifth-segment SIM
from 0.273 to 0.601. These results indicate that the PDD-induced coordinate hierarchy improves not only the
optimization loss but also the robustness of AR rollout, supporting the proposed identifiability mechanism.

Table 5 further compares MP-ELD with prior AR TTS systems on Seed-TTS-eval. The proposed system
is highly competitive in WER, while its SIM scores remain lower than those of the strongest prior systems.
One possible explanation is that the token frame rate acts not only as an efficiency parameter, but also as
a temporal-resolution knob, loosely analogous to the analysis-window length in time–frequency analysis. A
lower token frame rate means that each token summarizes a longer span of audio, similar to how a larger FFT
window provides a longer analysis context and higher frequency resolution, but becomes less sensitive to rapid
temporal variation. Such longer-span aggregation can make phonetic or content-level structure more stable
and can shorten the AR horizon, which may help WER and long-horizon stability. At the same time, it may
reduce sensitivity to fine-grained local acoustic variations, such as micro-prosody, transient spectral details,
and short-time speaker-specific cues, which are important for speaker similarity. Conversely, higher-rate
tokens, or product-structured local representations that preserve multiple short-range sub-tokens within each
LM step, can retain more local acoustic detail and therefore often achieve stronger SIM, but they usually
require longer native sequences or additional local prediction modules.

However, VibeVoice suggests that this temporal-resolution interpretation might be incomplete, as it uses an
even lower native token frame rate of 7.5 Hz but achieves substantially stronger SIM than MP-ELD. We
hypothesize that this difference may come from its explicit semantic–acoustic tokenizer design. In such a
factorized representation, the low-rate semantic component can still provide the long-span content aggregation
and AR-stability benefits associated with low frame rate, while a more independent acoustic component
can preserve speaker-specific and fine-grained acoustic information. By contrast, Locodec uses a single
reconstruction-first continuous token space, so content, speaker identity, and local acoustic detail must be
organized within the same low-rate high-dimensional token. Under AR prediction, this unified space may
naturally favor content-stable components, helping WER, while making fine-grained acoustic similarity harder
to model. This suggests a potential direction for future tokenizer design: introducing semantic–acoustic
factorization into a low-rate continuous token space, possibly still without relying on explicit SSL or ASR
supervision, may preserve the content clustering and stability benefits of native low-frame-rate tokens while
improving acoustic fidelity and speaker similarity.

6 Conclusion and Future Work

In this paper, we studied whether low-frame-rate, high-dimensional continuous tokens can serve as stable
targets for autoregressive speech generation. Our main finding is that such tokens are viable when the
representation space and the generative framework are designed jointly. We proposed Locodec, a locally
encoded tokenizer which shapes a spherical high-dimensional token space around a lower-dimensional core
manifold and induces a coordinate-wise energy hierarchy through PDD, improving predictability without
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noticeably degrading full-dimensional token reconstruction quality. We further proposed MP-ELD, which
separates local-continuity, self-consistency, and alignment-consistency information pathways, allowing residual
CFG to control acoustic consistency and content alignment more explicitly. The experiments show that
reconstruction quality alone is not sufficient to characterize a generative representation, and token-space
geometry strongly affects generator training loss, CFG behavior, and long-form stability. A moderate core
dimension combined with PDD provides the best overall balance, and the resulting 8-Hz, 768-dimensional
continuous tokens support competitive WER without external SSL/ASR models, pretrained text LMs, or
post-training stages. At the same time, the remaining SIM gap to the strongest prior systems suggests a
semantic–acoustic trade-off: low frame rate appears to favor content aggregation and AR stability, but may
make fine-grained acoustic and speaker-similarity modeling harder. We therefore view token frame rate not
only as an efficiency parameter, but also as a semantic–acoustic resolution knob.

Several extensions are natural. First, although Locodec is formulated as a general stereo-audio tokenizer
framework and can be instantiated for higher sampling rates such as 48 kHz, the experiments in this paper
focus primarily on 24-kHz speech reconstruction and the TTS task. We plan to further evaluate the Locodec
framework on broader audio understanding and generation tasks and even more general multimodal settings.
The same principles may also be relevant beyond audio: low-rate high-dimensional continuous tokens with
shaped latent geometry could be useful for image, video, or other sequence generation problems where
reconstruction capacity and AR stability must be balanced.

Second, our deliberate avoidance of pretrained SSL, ASR, and language models is a design choice for isolating
the effects of token-space shaping and information routing, not a restriction of the method. Locodec and
MP-ELD are naturally compatible with pretrained components. For example, the alignment-consistency LM
could be initialized from or replaced by a pretrained text LM, which may strengthen the semantic bias of
the alignment path and thereby alter the role of the self-consistency path. Similarly, the token encoders for
different MP-ELD pathways could be initialized differently, or one pathway could be guided by a pretrained
SSL or ASR representation. More generally, information routing can emerge from training dynamics, as shown
in this paper, but it can also be strengthened by architectural and initialization priors. Designing better
information pathways, both inside the tokenizer and inside the generator, can potentially be an important
direction to further mitigate or even eliminate AR error accumulation.

Third, improving speaker similarity and acoustic fidelity remains a central challenge. The current results
suggest that low-frame-rate tokens naturally favor content aggregation, which helps WER but may make
fine-grained acoustic modeling harder. One possible direction is to introduce semantic–acoustic factorization
into the token space, still without relying on explicit SSL or ASR supervision. More broadly, for general audio
generation, the relevant factors may go beyond semantics and acoustics to include spatial attributes, source
identity, or temporal event dynamics. Developing tokenizers that can organize these factors in a controllable
way, while preserving reconstruction fidelity and AR predictability, is a key open problem.

Fourth, scaling the individual components of the proposed framework is a natural next step. In particular,
since the decoder is the actual next-token prediction module that estimates the pathwise velocity field,
understanding its scaling behavior is particularly important. Compared with product-structured token
approaches, where each LM step may require an additional local DiT to decode a group of short-range tokens,
the FFN decoder in MP-ELD requires significantly fewer MACs to predict one native high-dimensional token.
This leaves substantial computational headroom for scaling the decoder or replacing it with more expressive
architectures while still keeping the overall inference cost competitive.

Finally, the long-form experiments in this paper are still limited relative to truly long streaming scenarios.
Minute-scale generation already reveals clear AR error accumulation, but hour-scale streaming, multi-speaker
interaction, podcast-level synthesis, and complex acoustic scenes may introduce additional failure modes.
Future work should therefore study MP-ELD under longer and more diverse generation regimes. In addition,
the experiments show that the optimal CFG configuration depends on utterance length, token representation,
and the desired trade-off between WER, SIM, and stability. This suggests that CFG may not necessarily be
time-invariant during AR generation. Dynamic guidance schedules that vary not only with bridge time τ , but
also with AR generation time, may provide a more flexible way to maintain both short-horizon quality and
long-horizon stability.
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